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ABSTRACT 
 
Although heterosis has been exploited commercially for close to a century, the molecular mechanisms 
underlying hybrid vigor are not well understood.  Multiple models, including dominance and complementation, 
have been proposed. Maize inbred lines B73 and Mo17 produce hybrids that exhibit heterosis and are a model 
system for studying this phenomenon.  Historically, quantitative genetic approaches have been utilized to 
understand the regulation of heterosis as it affects traits such as yield.  Recent technological advances have 
allowed for global studies of gene expression in inbreds and hybrids.  Multiple modes of gene action detected in 
a microarray comparison of B73, Mo17, and their Mo17xB73 hybrid are consistent with multiple molecular 
mechanisms contributing to heterosis.  The reciprocal hybrids generated by crossing B73 and Mo17 differ 
phenotypically from each other despite having identical nuclear genomes.  Microarray and RNA-sequencing 
comparisons of the reciprocal hybrids reveal substantial differences in gene expression in vegetative seedlings, 
suggesting that parent-of-origin effects on expression may contribute to the phenotypic differences observed 
throughout development.  To better understand the regulation of gene expression, eQTL microarray studies 
were conducted using the IBM RILs and their hybrids generated by crossing the RILs with B73 and Mo17.  A 
predominance of trans-eQTL (~80%) are detected and exhibit non-additive expression patterns consistent with 
paternal-eQTL regulation of gene expression in hybrids.  Together, these studies provide a comprehensive 
understanding of gene expression patterns and regulation of gene expression between inbred lines and hybrids 
and support the involvement of complex regulatory mechanisms such as imprinting and small RNAs in 
heterosis. 
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CHAPTER 1.  GENERAL INTRODUCTION 
 
DISSERTATION ORGANIZATION 
This dissertation consists of the general introduction (Chapter 1), two journal papers (Chapters 2-3), general 
conclusions (Chapter 4), and two appendices.  The general introduction is modified from Heterosis in The 
Handbook of Maize: Its Biology, a chapter which I co-authored with Dr. Patrick Schnable and which is 
reprinted with the kind permission of Springer Science+Business Media (© 2009, 457-467, Figure 1).  The 
paper in Chapter 2 has been published in the Proceedings of the National Academy of Sciences (2006 103 (18): 
6805-6810).  My contributions included experimental design, protocol development, conducting the microarray 
and qRT-PCR experiments, and writing the manuscript with Dr. Schnable.  The co-first author Yi Jia 
contributed to the validation experiments and to writing the manuscript.  The paper in Chapter 3 has been 
submitted to Science.  My contributions included planning the experiment, conducting and supervising wet lab 
experiments, data processing, post-analysis data investigations, and major contributions to writing the 
manuscript with Dr. Schnable.  Appendix A describes the experiments conducted towards fine-mapping a trans-
eQTL.  My contributions were selecting the interval-of-interest, conducting all marker-based genotyping and 
genetic crosses to produce a mapping population, and identifying plants with recombination in the interval of 
interest.  Appendix B describes the identification of QTL for yield-related traits and identification of QTL 
contributing to the amount of heterosis observed in hybrids.  My contributions included experiment planning 
and design, supervising field preparation, harvest, and data collection, conducting the QTL analyses for several 
traits, and subsequent data investigations.  Dr. Nettleton advised on the experimental design, wrote custom R 
scripts for the QTL analysis, and conducted the QTL analysis for several traits.  These experiments were 
conducted under the guidance of Dr. Schnable.  Throughout this thesis, the phrase “gene expression” 
specifically refers to the amount of transcript accumulation. 
 
INTRODUCTION 
History 
Heterosis (also referred to as hybrid vigor) is the phenomenon in which the progeny of diverse inbred lines 
exhibit improved performance as compared to their inbred parents (Figure 1).  Although exploited by plant and 
animal breeders for nearly a century, the molecular mechanisms underlying heterosis remain unexplained.  Due 
to its biological and economic importance in maize, several recent reviews have been published (Birchler et al. 
2003, Birchler et al. 2006, Troyer 2006, Hochholdinger and Hoecker 2007, Springer and Stupar 2007b). 
 
The effects of out-crossing versus selfing were first described by Darwin.  For several traits, he observed that 
cross-pollinated plants of multiple species (including maize) were consistently superior to self-fertilized plants 
grown in the same environment (Darwin 1876).  At the turn of the last century, George Harrison Shull (Cold 
Spring Harbor Laboratory) and Edward M. East (Connecticut Experiment Station) were independently 
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conducting experiments with self- and cross-fertilized maize plants.  While studying quantitative inheritance of 
kernel row number, Shull noted that progeny of cross-fertilizations were more vigorous than the progeny of 
self-fertilized plants from the same source (Shull 1908).  Based on these and subsequent observations, Shull 
outlined a plan to use hybrids for agricultural production (Shull 1909). 
 
East, too, observed evidence of inbreeding depression.  Based on Shull’s reports, East applied Mendel’s 
recently rediscovered report to the question of heterosis and hypothesized that homozygosity in the inbreds was 
enhancing deleterious effects (East 1908, East 1909).  Shull and East are therefore often jointly credited for 
their contributions to the development of hybrid corn in plant breeding programs. 
 
Inbred lines, hybrids, and heterotic groups  
The first inbred lines were extracted from landraces such as Reid’s Yellow Dent and Lancaster Sure Crop.  
These early inbreds were extremely weak.  Consequently, their per se seed yields were too low to economically 
produce single cross hybrids.  The utilization of double-cross hybrids overcame this challenge (Jones 1918).  
Two pairs of inbred lines were crossed to generate a pair of vigorous hybrids (Inbred A x Inbred B and Inbred C 
x Inbred D).  Because the AxB hybrid was vigorous, abundant quantities of [AxB]x[CxD] double-cross hybrid 
seed could be produced and marketed to farmers. 
 
First generation inbreds were intercrossed to produce populations from which second generation inbreds were 
extracted.  For example, the Iowa Stiff Stalk Synthetic (BSSS) population was developed by G.F. Sprague in 
1933-1934 by intercrossing 16 inbred lines selected for resistance to stalk lodging, a major problem with 
landraces and early hybrids (Sprague 1943).  The resulting population had better than average performance for 
stalk quality and combining abilities relative to other populations (Hallauer 1976).  It has since been subjected 
to more than 15 cycles of recurrent selection (Hinze 2005) and has been the source of multiple important inbred 
lines, including B73 (Russell 1972). 
 
Because the molecular mechanisms responsible for heterosis are not understood, identifying specific pairs of 
inbreds whose progeny will exhibit high levels of heterosis remains a major challenge for plant breeders.  It has 
been observed that hybrids generated from genetically divergent inbred parents typically exhibit more heterosis 
than do hybrids generated from genetically similar inbreds (Hallauer 1981).  Based on this observation, maize 
lines have been classified into heterotic groups.  Progeny of crosses between heterotic groups typically exhibit 
more heterosis than do those within heterotic groups.  Several heterotic groups have been described, viz., Reid 
Yellow Dent, Lancaster Sure Crop, European flints, and Minnesota 13 (Dubreuil 1999, Troyer 2006).  Recently, 
another heterotic group has been defined among Chinese germplasm (Lu et al. 2002). 
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Gain from the use of hybrids 
Less than one percent of corn acreage in the U.S. Corn Belt was planted to hybrid corn in the 1920’s, when 
hybrids were first introduced.  The first hybrid yields were approximately 15% higher than the open pollinated 
landraces they replaced (Duvick 1999).  As the per se performance of inbreds increased in the 1930’s it was 
possible to economically produce single-cross hybrids.  Compared to the double-cross hybrids, single-cross 
hybrid progeny exhibited more heterosis, in part because it is easier to identify two inbreds that interact well in 
hybrid combination than it is to identify four such inbreds.  From the 1940’s through the 1990’s, maize yields 
increased to over 7 tons per hectare (Duvick 1999) and since 1965, essentially all corn acreage in the Corn Belt 
has been planted to hybrids (Wallace and Brown 1988).  In the U.S. during 2004, nearly 12 billion bushels of 
seed-corn (with a value of $4.5 billion) were sold (Troyer 2006).  Results of several studies, compiled by 
Duvick, estimate that the genetic component for yield increase in the U.S. Corn Belt ranges from 33-89%, 
averaging 55% across all studies (Duvick 1999).  The remaining 45% of gain is due to improved management 
procedures such as fertilizer use and higher planting density (Duvick 1999, Troyer 2006).  Since early testing 
for adaptedness to higher density planting (Mooers 1910, Mooers 1920), typical planting densities have 
increased from ~15,000 plants/ha (in 1910) to nearly 70,000 plants/ha in 2005 (Troyer 2006). 
 
The mechanisms responsible for heterosis 
Proposed models 
Multiple models have been proposed to explain heterosis; the most commonly accepted are discussed here.  The 
complementation (dominance) model states that recessive, deleterious alleles present in the inbred parents are 
complemented in the progeny.  According to this model, the additive effects of beneficial alleles result in the 
superior phenotype of the hybrid.  First presented in 1910, this model states that for heterosis to occur, the 
parent lines must differ in gene frequency, and dominance must be present (Bruce 1910).  Recently, a special 
case of dominance was identified in the maize bz region, where inbred lines from varying heterotic groups 
varied extensively in their genic content and organization (Fu and Dooner 2002).  It was hypothesized that 
“missing genes” in the inbred are complemented in the hemizygous hybrid, resulting in improved performance. 
Such variation in sequence content may explain the results of an analysis of leaf transcripts in ten inbreds and 
38 hybrids via cDNA-AFLP analyses that revealed expression in only one parental inbred line, expression in 
both inbreds but not in the hybrid, and hybrid-specific expression (Tian and Dai 2003). 
 
The other most widely known model for heterosis is overdominance, which states that heterozygosity per se is 
responsible for heterosis (Shull 1908, East 1936).  According to this model, novel interactions between differing 
parental alleles result in phenotypes superior to either homozygous allele, as exemplified by the maize pl locus, 
which encodes a transcriptional regulator of pigment biosynthesis.  Particular alleles of this gene exhibit 
overdominance in the heterozygous state (Hollick and Chandler 1998).  Theoretically, if the complementation 
model were correct, an inbred line homozygous for beneficial alleles at all genomic loci could be generated that 
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would perform as well as a hybrid.  In contrast, according to the overdominance model heterozygosity per se is 
advantageous. 
 
Epigenetics has also been posed as a model for heterosis.  Epigenetic markers (such as methylated sites in 
DNA) do not directly affect the DNA sequence, but are heritable and have been shown to regulate gene 
expression.  Several epigenetic mechanisms have been discovered in plants (and are also studied in non-plant 
species), including paramutation, transposons, siRNAs, and RNA-directed DNA methylation (Henderson and 
Jacobsen 2007).  It has been proposed that these mechanisms (over-dominance, dominance, epigenetics) are not 
mutually exclusive, but instead produce complex phenotypes such as hybrid vigor through interaction both 
within and between proteins, DNA, and RNA (Chen 2007). 
 
Quantitative and molecular approaches for understanding heterosis 
Modes of gene action 
Quantitatively, allele effects and gene action are described as: additive (each parental allele contributes a 
specific amount and the heterozygote value is equal to the sum of the individual effects from each allele), 
dominant (heterozygote value is equal to one of the two parental alleles), or over- or under-dominant 
(heterozygote value is more extreme (greater or lesser) than the homozygotes).  Gene or allele action estimates 
are used to identify particular alleles in a population that have significant or large effects on a trait and provide 
clues as to the mechanisms regulating the trait.  The hybrid phenotype relative to the parental phenotype is 
quantitatively estimated using the d/a ratio.  This ratio compares dominant (hybrid value-inbred average) and 
additive (each inbred value-average of inbreds) gene action.  If the hybrid is equal to the average of the inbred 
parents, d/a=0; if the hybrid is identical to one parent, d/a=-1 or 1. 
 
Quantitative trait analyses 
Measurable traits, such as kernel-row-number investigated by Shull, are considered quantitative traits and can 
be studied via Quantitative Trait Loci (QTL) mapping.  With this approach, genomic regions regulating a 
measurable trait are identified in populations segregating for the trait.  Traits subject to heterosis, including 
grain yield, plant height, biomass, and ear size, have all been investigated using QTL mapping (Stuber et al. 
1992, Frascaroli et al. 2007).  Historically, heterosis has been studied using quantitative genetic approaches, as 
evidence has suggested that heterosis is polygenic in nature (Kusterer et al. 2007).  QTL mapping studies have 
been conducted to identify regions of the genome that regulate heterotic phenotypes (Stuber et al. 1992, Lu et 
al. 2003, Zhang et al. 2006).  Stuber et al. examined QTL effects for traits including yield, plant height, and leaf 
area.  QTLs were identified, the majority of which were associated with overdominance (Stuber et al. 1992).  
The measured traits, however, are typically quite distant from the functional processes responsible for those 
phenotypes (Schadt et al. 2003), implying that intermediate steps between genotype and phenotype must be 
investigated to fully understand modes of gene action.  
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Complementation model does not explain dosage effects 
A variety of observations suggest that heterosis cannot be due to simple complementation.  Autotetraploid 
hybrid progeny derived from two parent lines exhibit heterosis, but the effect is increased in hybrid progeny 
derived from four parent lines, where four different alleles are present at a given locus.  As the number of 
diverse alleles or genomes represented increases, so does hybrid vigor (Levings 1967).  In addition, selfing 
maize tetraploids results in inbreeding depression at rates as fast as in diploids (Randolph 1942).  Given the 
increased number of generations of selfing required to achieve homozygosity in tetraploids relative to diploids, 
this result is not compatible with complementation being the sole explanation for heterosis (Birchler et al. 
2003).  It has been hypothesized that regulatory genes and pathways underlying heterosis are dosage-dependent 
and that heterozygosity and ploidy level directly affect major regulatory pathways, resulting in heterosis 
(Birchler et al. 2003). 
 
To further investigate this possibility, Auger et al. studied the accumulation of mRNA transcripts in eight maize 
genotypes; inbred lines B73 and Mo17, reciprocal hybrids, and triploid hybrids with unequal contribution of 
parental genomes (Auger et al. 2005).  RNA samples were isolated from leaf tissue and the accumulation of 
transcripts from 30 genes was analyzed via RNA gel blots.  Deviation of transcript accumulation from additivity 
(where additive is equal to the mid-parent level) was observed for 19 of the 30 genes investigated. 
 
RESEARCH GOALS 
Despite its agricultural and economic importance, the molecular mechanisms underlying heterosis are largely 
unknown.  It is plausible that the phenotypic differences observed between inbred and hybrid lines are the final 
products of changes in cellular processes, starting with differential transcript accumulation.  Several models 
have been proposed to explain heterosis, including Complementation/Dominance (vigor attributed to the 
complementation in the hybrid of deleterious alleles accumulated in the diverse inbred lines) and Over-
Dominance (novel interactions of alleles in the heterozygote produce superior phenotype).  Along these lines, it 
has been proposed that studies comparing transcript accumulation between lines with variation in genetic 
architecture may provide insight into molecular processes in hybrids and distinguish which model is correct 
(Song and Messing 2003). 
 
Until recently, studies have been limited to small gene sets (~30) or particular regions of the genome.  Advances 
in technology and public investment in maize genomic resources have made it possible to study hybrid vigor on 
a genome-wide level.  Specifically, microarray technology is capable of measuring transcript accumulation for 
up to ~40,000 genes in a single biological sample.  From this perspective, it would be possible to detect 
transcript accumulation differences between inbred and hybrid genotypes on a global scale.  Thus, the first goal 
of this research was to identify patterns of expression (additivity, dominance, over-dominance, etc.) for 
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differentially expressed genes, to investigate the magnitude of effect on expression between inbred and hybrid 
lines, and also determine whether specific biological pathways or cellular processes are changed in the hybrid 
relative to the inbred parents (Chapter 2).    
 
While a microarray study can identify those genes with differential transcript accumulation in hybrids, these 
types of experiments are not sufficient to understand regulation of differential transcript accumulation.  Termed 
“Genetical Genomics” (Jansen and Nap 2001), expression QTL (eQTL) studies merge microarray experiments 
and traditional QTL analyses to detect regions of the genome regulating transcript accumulation.  Using maize 
inbreds and hybrids for eQTL studies would not only inform our understanding of global regulation of transcript 
accumulation in maize, but also the global regulation mechanisms underlying heterotic organisms.  The second 
goal of this research was to characterize the proportion, distribution, and effect size of local (cis) and distant 
(trans) eQTL in maize inbred and hybrid lines (Chapter 3). 
 
Specific eQTL regions of interest for complex traits are those with large effects and/or those eQTL that regulate 
expression of many genes.  Interest in the functional purposes of these “master regulator” loci is high and often 
reported in eQTL studies.  However, to date no trans-eQTL have been cloned because they often exhibit small 
effect size and have lower statistical power (de Koning and Haley 2005).  Towards this goal, we have outlined a 
strategy to fine-map a trans-eQTL we identified in Chapter 3 that regulates expression of over 20 genes 
(Appendix A). 
 
Although molecular-level studies provide insight into cellular processes, one of the major goals of all breeding 
programs is to increase yield (in addition to increasing product quality and phenotypic uniformity).  Thus, 
another goal of this research was to identify genomic loci regulating yield-related traits such as cob weight, 
length, and diameter, and kernel count and weight (Appendix B).  Regions regulating differential transcript 
accumulation in hybrids that overlap with regions regulating a heterotic trait would serve as potential candidates 
for genes that contribute to heterosis.  
 
Establishing a global perspective of variation on a molecular level as well as a phenotypic level informs our 
general understanding of the regulation of complex traits in maize.  Furthermore, it provides an opportunity for 
applied science through crop or species improvement.  Established methods for detection of regulating loci and 
subsequent cloning of the causative gene(s) can be applied not only to the study of heterosis, but also to the 
mechanisms and genes responsible for any trait of interest, such as drought tolerance or pest resistance.  The 
amount of heterosis achieved, the ability to easily self or out-cross, and the availability of large segregating 
populations in maize make it a model system to study hybrid vigor.  In particular, maize inbred lines B73 and 
Mo17 provide a useful model for several reasons: 1) The hybrids generated from their cross exhibit heterosis 
and were widely used in the US Corn Belt (Hallauer 1981).  2) The Intermated B73 and Mo17 population of 
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Recombinant Inbred Lines (IBM RILs) derived from the B73xMo17 hybrid (Lee et al. 2002) has been used to 
generate a genetic map with thousands of markers (Fu et al. 2006) and the B73 genome was selected to be 
sequenced (Schnable, 2009).  For these reasons, this model system was used for the identification of 
differentially expressed genes between inbred and hybrid lines, to detect regulatory loci underlying expression 
differences, and finally, to detect loci contributing towards phenotypic differences and heterosis for yield-
related traits in hybrids.     
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FIGURE LEGENDS 
Figure 1.  a,b; The hybrid (center) generated from inbred lines B73 (left) and Mo17 (right) exhibits heterosis.  
Photos by Jun Cao and Ruth Swanson-Wagner, Schnable Lab, Iowa State University. 
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Figure 1 Schnable and Swanson-Wagner, 2009 
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CHAPTER 2.  ALL POSSIBLE MODES OF GENE ACTION ARE OBSERVED IN A 
GLOBAL COMPARISON OF GENE EXPRESSION IN A MAIZE F1 HYBRID AND 
ITS INBRED PARENTS 
 
A paper published in The Proceedings of the National Academy of Sciences1 
 
Ruth A. Swanson-Wagner2, Yi Jia2, Rhonda DeCook, Lisa A. Borsuk, Dan Nettleton, Patrick S. Schnable3 
 
ABSTRACT 
Heterosis is the phenomenon whereby the progeny of particular inbred lines have enhanced agronomic 
performance relative to both parents.  Although several hypotheses have been proposed to explain this 
fundamental biological phenomenon, the responsible molecular mechanisms have not been determined.  The 
maize inbred lines B73 and Mo17 produce a heterotic F1 hybrid.  Global patterns of gene expression were 
compared in seedlings of these three genotypes using a microarray that contains 13,999 cDNAs.  Using an 
estimated 15% false discovery rate as a cut-off, 1,367 ESTs (9.8%) were identified as being significantly 
differentially expressed among genotypes.  All possible modes of gene action were observed, including 
additivity, high- and low-parent dominance, underdominance, and overdominance.  The largest proportion of 
the ESTs (78%; 1,062 /1,367) exhibited expression patterns that are not statistically distinguishable from 
additivity.  Even so, 22% of the differentially regulated ESTs exhibited non-additive modes of gene expression.  
Classified on the basis of significant pairwise comparisons of genotype means, 181 of these 305 non-additive 
ESTs exhibited high-parent dominance and 23 exhibited low-parent dominance.  In addition, 44 ESTs exhibited 
underdominance or overdominance.  These findings are consistent with the hypothesis that multiple molecular 
mechanisms, including overdominance, contribute to heterosis.   
 
1 Reprinted with permission of Proc. Natl. Acad. Sci, USA 
2 R.S-W. and Y.J. contributed equally to this work. 
3 To whom correspondence should be addressed: schnablep@iastate.edu 
 
 
INTRODUCTION 
The hybrid progeny of selected pairs of inbred lines exhibit enhanced agronomic performance relative to both 
parents (1), a phenomenon that is termed heterosis or hybrid vigor.  Heterosis is widely exploited in applied 
plant breeding.  For example, approximately 95% of US maize acreage is planted to hybrids.  Duvick (2) 
estimates that maize hybrids exhibit a 15% yield advantage relative to superior open-pollinated varieties and 
that worldwide heterosis accounts for an additional 55 million metric tons of grain yield annually.  Despite the 
fact that heterosis has been widely exploited by plant breeders to the benefit of agriculture and society, the 
molecular mechanisms responsible for this basic biological phenomenon are not well understood.   
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Multiple models have been proposed to explain heterosis (3).  The two most commonly invoked are the 
Dominance (or Complementation) Hypothesis and the Overdominance Hypothesis.  The first hypothesis (4,5) 
states that deleterious alleles at different loci in the two homozygous parental genomes are complemented in the 
heterozygous F1 hybrid.  More recently, the special case that complementation of genes that differ in their 
presence and absence among maize lines may contribute to heterosis has been proposed (6).   Complementation 
cannot by itself, however, explain heterosis.  This is because although the per se performance of inbred lines 
can be improved by purging them of detrimental alleles, doing so has little impact on heterosis (3).  Additional 
evidence for this view comes from the findings that progressively more heterosis occurs in polyploids as the 
diversity of the component genomes increases and inbreeding depression in autotetraploids increases faster than 
homozygosity.    
 
The Overdominance Hypothesis (1, 5, 7) states that the improved performance of an F1 hybrid relative to its 
inbred parents is a consequence of favorable allelic interactions at heterozygous loci that outperform either 
homozygous state.  While these classical hypotheses have provided guidance for experimentation (8, 9, 10, 11), 
it is likely that heterosis depends on multiple mechanisms, including epigenetic phenomena. It is also possible 
that differential accumulation of allele-specific transcripts in hybrids may contribute to heterosis (12). 
 
It has been hypothesized that differential gene expression in inbreds and hybrids may be responsible for 
heterosis (13, 14).  For example, a hybrid could accumulate levels of transcript equal to the mid-parent 
(additivity), the high or low parent (high or low parent dominance), above the high parent (overdominance), or 
below the low parent (underdominance).  Prior studies of gene expression in inbreds and their F1 hybrids have 
focused on relatively few genes.   
 
Here, we apply global transcript profiling technology to examine the expression of thousands of genes in two 
inbred parents and their F1 hybrid to begin to understand the underlying mechanisms and complex regulatory 
network surrounding heterosis.   
 
Over 1,300 ESTs exhibited significant differential expression patterns among the three genotypes at an 
estimated false discovery rate (FDR) of 15%. The most common mode of action was additivity, but several 
hundred genes exhibited high- or low-parent dominant, overdominant or underdominant modes of gene action.  
The expression patterns of over 90% of sampled genes were validated using quantitative real-time PCR (qRT-
PCR).  The finding that all modes of gene action can be detected in inbreds and their F1 hybrid is consistent 
with the hypothesis that multiple molecular mechanisms, including overdominance, contribute to heterosis. 
   
 15
RESULTS 
The maize F1 hybrid generated by crossing the inbred lines B73 and Mo17 is taller, matures more quickly, and 
produces higher grain yields than both parents (15).  We elected to analyze global patterns of gene expression in 
these three genotypes because this hybrid and its relatives are widely grown in the Corn Belt (16), the genetic 
map of maize is based on recombinant inbreds developed from this hybrid, and the B73 genome is being 
sequenced (http://www.nsf.gov/news/news_summ.jsp?cntn_id=104608&org=BIO&from=news). 
 
Because heterosis affects most aspects of plant growth and development, one of the challenges in designing 
such an experiment is deciding which tissue to analyze.  In making this decision, we sought a system in which 
we could tightly control environmental variability and that would therefore provide the statistical power to 
detect even subtle changes in gene expression that may nevertheless be biologically relevant.  We elected to 
analyze seedlings because seedling dry weight exhibits a substantial degree of heterosis (Table 1) and seedlings 
can be grown under controlled conditions (Methods).  Although the B73xMo17 hybrid is used commercially, 
the Mo17xB73 hybrid exhibits a greater degree of heterosis for seedling dry weight (Table 1) and was therefore 
selected for the profiling experiments.  Above- ground seedling tissue was harvested from the three genotypes 
14 days after planting.  RNA extracted from these seedlings was reverse transcribed, labeled with fluorescent 
dyes, and hybridized to a cDNA array that contains 13,999 informative spots (Methods).  Nine biological 
replications were analyzed to provide a higher degree of statistical power.   
 
Statistical Analysis of Microarray Hybridization Data 
Data normalization and transformation were performed to reduce non-biological variation, make signal 
intensities comparable across arrays, and achieve approximate normality and constant variance for statistical 
modeling (Methods).  A mixed model analysis of the data revealed genes having significant differences in gene 
expression levels in at least one of the three genotypes.  The distribution of p-values generated from the tests for 
genotype (Figure 1) was used to detect genes with significant differential expression across genotypes.  Multiple 
significance thresholds were investigated providing significance lists of lengths 280 (1% FDR), 460 (3%), 990 
(10%) and 1,367 (15%) genes. The estimated 15% FDR level was chosen to sample a large pool of significant 
genes for further analyses. At this threshold, 9.8% (1,367/13,999) of informative cDNAs on the microarray 
were differentially expressed among the genotypes. As a group these genes are involved in a wide variety of 
cellular processes.  The statistical power of this experiment made it possible to detect even small changes in 
gene expression.  For example, the significant fold changes between the low- and high-expressing genotypes for 
the 1,367 differentially expressed ESTs ranged from 1.2 to 88 (Figure 3).  
 
Analysis of Gene Action  
The 1,367 ESTs identified as differentially expressed at the 15% FDR level were further investigated to 
determine their modes of gene action (Table 4).  The estimated genotype means from the mixed model analyses 
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were used to determine the expression pattern for each EST.  To visualize the patterns of gene expression, a 2-
dimensional polar coordinate plot of the 3-dimensional line mean patterns was implemented (Figure 2).  The 
radius at which a gene is plotted represents the log2 fold change between the highest and lowest expression 
levels among the three genotypes.  The angle at which a gene is plotted represents the relationships among the 
means of the three genotypes.  A gene plotted on the horizontal line exhibits pure additivity.  A gene plotted on 
the vertical line in the top (bottom) half of the figure exhibits overdominance (underdominance).  A gene 
plotted on a solid line exhibits the same expression level in two genotypes, and a different expression level in a 
third genotype (see plot labels for direction of differential expression).  A gene plotted between lines exhibits a 
mode of gene action that is intermediate to that indicated by the two nearest lines.   
 
A large proportion of the ESTs (78%, 1,062/1,367) exhibited expression patterns that are not statistically 
distinguishable from additivity.  The 305 ESTs that exhibited non-additive mode of gene expression were 
further classified based on significant pairwise comparisons (p-value < 0.05).  Of these 305 ESTs, 181 exhibited 
high-parent dominance and 23 exhibited low-parent dominance.  Twelve ESTs exhibited modes of gene action 
intermediate between additivity and dominance.  In addition, 34 ESTs exhibited clear overdominance and 10 
exhibited clear underdominance.  Although it was possible to conclude that the remaining 45 ESTs exhibited 
non-additive gene action, there was insufficient statistical power to assign them to one of the above categories.  
Genes that exhibited overdominance and underdominance exhibited near parent fold changes of 1.2-2.0 and 1.3-
4.7, respectively and are involved in multiple cellular processes (Table 2). 
 
Validation of Modes of Gene Action via qRT-PCR  
A sample of 45 genes identified in the mixed model analysis as having significant differences in gene 
expression across genotypes was selected for validation via qRT-PCR (Table 3).  Genes that exhibited a variety 
of modes of gene action (i.e. from all 12 sectors of Figure 2) were chosen for validation.  Selected genes 
exhibited changes in gene expression from the low- to high-expressing genotype of 1.4 to 88 fold.   
Primers were designed to specifically amplify each of the 45 genes (Methods). These primers were used to 
conduct qRT-PCR on seven biological replications of RNA from the three genotypes.  Using threshold cycle 
(Ct) values generated from qRT-PCR experiments (Methods), the null hypothesis of equal expression across the 
B73, Mo17 and F1 genotypes was tested.  For 10 genes there was not sufficient statistical power in the qRT-
PCR experiments to determine a mode of gene action (Table 5).  There was sufficient statistical power to make 
conclusions about modes of gene action for the remaining 35 genes.  For 15 of these genes the modes of gene 
action detected in the qRT-PCR experiments were indistinguishable from the modes based on the microarray 
experiment (p-value < 0.05).  For 17 of the genes the mode of gene action obtained via the qRT-PCR 
experiments were at least consistent with the modes obtained from the microarray experiment.  Hence, the qRT-
PCR experiments either validated or were consistent with the modes of gene action exhibited by 91% (32/35) of 
the genes in the microarray experiment.   
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DISCUSSION 
Despite its critical importance to agriculture, a mechanistic understanding of heterosis has not been achieved.  
As a step towards generating data needed to test existing hypotheses, prior studies have analyzed modes of gene 
action in small sets of maize genes (13, 17).  Even so, a global understanding of the behavior of gene expression 
in inbreds and their F1 hybrids is lacking.  The current study used microarray technology to characterize the 
modes of gene action for 13,999 cDNAs.  
 
Approximately 9.8% (1,367/13,999) of the ESTs assayed in this experiment exhibited differential expression 
among the three genotypes.  The majority of these  (N=1,062) exhibited modes of gene action that could not be 
distinguished from additivity.  The expression of these genes could be controlled by cis-acting regulatory 
elements and/or dosage-dependent trans-acting factors.  The large number of genes that exhibited additive gene 
action is consistent with the Complementation Hypothesis of heterosis.  
 
Approximately 22% (305/1,367) of the differentially regulated ESTs detected in this study exhibited non-
additive modes of gene expression.  Most of these genes exhibited high-parent dominance (N=181).  However, 
low-parent dominance (N=23), underdominance (N=10), and overdominance (N=34) were also observed.  It 
was possible to validate via qRT-PCR the modes of gene action exhibited by 91% (32/35) of a sample of the 
differentially expressed genes.  
 
Overall, 2.2% (305/13,999) of the ESTs analyzed in this survey of nearly 14,000 cDNAs exhibited non-additive 
modes of gene action.  These results differ substantially from a prior study of a smaller set of genes.  Auger et 
al. (17) reported that 19 of the 30 genes (63%) exhibited non-additive gene action.  Although these two studies 
were conducted using the same genotypes, Auger et al. (17) used gel blots to analyze RNA extracted from 
leaves of adult field-grown plants, while we used microarrays to analyzed gene expression in seedlings grown 
under highly controlled environmental conditions.  One explanation for the different rates of non-additive gene 
expression observed in the two studies is differential sampling of the maize gene space.  The 30 genes studied 
by Auger et al. (17) may be a less random sample than the 13,999 cDNAs present on our microarray.  
Alternatively (or in addition), the percentage of genes that exhibit non-additive gene action may differ during 
development even though both stages of development analyzed in these studies exhibit heterosis.  The non-
additive expression of these genes could be explained by dominant allelic and non-allelic epistatic control of 
transcript accumulation.   
 
The existence of overdominant gene action has important implications for evolutionary theory, in particular the 
maintenance of genetic variability.  The evidence for overdominant gene action has, however, so far been 
limited.  Some, but not all, experiments conducted using Drosophila (18) and more recently using C. elegans 
(19) have uncovered evidence for overdominance.  While the results of the current study in maize are consistent 
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with prevailing views that most loci exhibit additive, or less frequently, dominant gene action, the identification 
of 34 ESTs that exhibited overdominance suggests that hypothesized genetic processes, including heterosis, that 
invoke overdominance can not be excluded from consideration.  Although it is not possible to exclude the 
possibility that the overdominant gene action observed in this study is the result of “pseudo-overdominance”, 
caused by the combined action of linked loci; such blocks of genes would have similar effects on genetic 
processes as overdominant loci.   
 
Analysis of the microarray experiment resulted in the identification of 44 ESTs that exhibit overdominance or 
underdominance.  qRT-PCR experiments validated these modes of gene action for 5/8 tested genes. The 
existence of genes that exhibit overdominant or underdominant modes of gene action in B73, Mo17, and their 
F1 hybrid is at least consistent with the Overdominance Hypothesis of heterosis.  Although heterosis is 
controlled by many genes, only a small fraction of all genes are involved (3).  Hence, it is at least possible that 
some of these genes may contribute to heterosis.  Consistent with this hypothesis, genes that exhibit 
overdominance include those that potentially affect a wide variety of regulatory steps, including splicing, 
translation, protein folding, modification, and degradation (Table 2); others are involved in stress response.  All 
of these functions could contribute to post-transcriptional regulatory cascades contributing to heterosis.   
 
Among other mechanisms, one attractive hypothesis for the existence of underdominant and overdominant gene 
action invokes the action of small interfering RNAs (siRNAs).  siRNAs are typically derived from transposons 
and repeats, although some genes and other sequences can generate siRNAs (20).  siRNAs can regulate gene 
expression by cleaving target mRNAs (21) and via transcriptional silencing (22).  Maize inbreds differ radically 
in transposon and repeat content (6, 23, 24).  In addition, in this study at least two transposons exhibited >2 fold 
differences in expression between B73 and Mo17 (Table 4).  Hence, inbreds are likely to differ in their 
complement of siRNAs. If siRNAs from one inbred do not match genes (e.g., repetitive sequences in 3’ UTRs) 
from the other inbred, the resulting hybrid could exhibit novel patterns of gene expression including 
overdominance or underdominance. Consistent with this hypothesis we observe profound differences in the 
accumulation of anti-sense RNAs in B73 and Mo17 (Jia et al., unpublished data).  Overall, our results are 
consistent with the hypothesis that multiple molecular mechanisms contribute to heterosis.   
 
METHODS 
Genetic Stocks and Experimental Design  
The inbreds B73 (Schnable Lab Ac #660) and Mo17 (Schnable Lab Ac #2618) used in this study were derived 
by self-pollination from stocks originally obtained from Donald Robertson and Mike Lee, respectively.  Mo17 
was crossed as a female by B73 to generate the F1.  Kernels from three different seed sources (ears) per 
genotype were used in the experimental design. Individual genotypes within a replication, however, were all 
derived from the same source.  Prior to microarray analyses genotypes were confirmed by genotyping DNA 
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extracted from each genotype using co-dominant IDP genetic markers that distinguish B73 from Mo17 (Fu et 
al., in preparation).  Ten biological replications of B73, Mo17, and their F1 (Mo17xB73) were grown under 
highly controlled conditions in a randomized complete block design.  For each replication, the B73, Mo17, and 
F1 samples were hybridized to three two-color cDNA microarrays using a loop design such that each loop 
included all pairwise comparisons between genotypes.  RNA pools for each genotype were alternately labeled 
providing dye balance within each loop.  After hybridization, one biological replicate was removed due to poor 
quality.  The final analysis incorporated 27 microarray slides (3 slides for each of nine high-quality biological 
replicates).   
 
Plant Growth and RNA Isolation  
Kernels were planted in SB 300 Universal soil (Sun Gro Horticulture, Bellevue, WA) within a PGW-40 
(Percival Scientific, Perry, IA) growth chamber that provided 15 hours of light (25°C) and 9 hours of dark 
(20°C).  Light intensity was approximately 650-800 µmolm-2s-1.  Seedlings were watered as needed using a 0.7 
mM calcium nitrate solution.  Fourteen days after planting, six random healthy plants were harvested as a pool 
for each genotype-replication.  All above ground tissue was separated from root tissue and immediately 
submerged in liquid nitrogen.  After separately grinding each genotype-replication pool in liquid nitrogen, RNA 
was extracted from approximately 10 g of frozen tissue using Trizol reagent (Invitrogen, Carlsbad, California) 
as per the manufacturer’s instructions, with slight modifications.  RNA integrity was confirmed via gel 
electrophoresis.  The OligoTex mRNA midi kit (Qiagen, Valencia, CA) was used to extract mRNA from 500 
µg of RNA using the manufacturer’s protocol, with slight modifications.  mRNA yields were typically between 
0.75 and 1.5% of the starting RNA.   
 
Microarray Printing 
The SAM1.1a cDNA array was printed on the UltraGAPs slide (Corning, Inc., Corning, NY) using a PixSYS 
5500 Arrayer (Cartesian Technologies, Irvine, CA). The GEO platform file for this chip is posted at: 
http://www.ncbi.nlm.nih.gov/projects/geo/query/acc.cgi?acc=GPL2613. 
 
Reverse Transcription, Labeling, and Microarray Hybridization 
Two µg of mRNA were labeled according to Nakazono et al. (25), with slight modifications.  Specific cDNA 
samples were labeled with Cy3 and Cy5 fluorescent dyes in accordance with the experimental design.  
 
Microarray Data Acquisition, Normalization and Analysis 
Replications 1-5 were scanned using a ScanArray 5000 (Packard, Meriden, CT).  Replications 6-9 were scanned 
using a Perkin Elmer Pro Scan Array HT.  A minimum of six scans for each dye channel were completed at 
increasing PMT gain and laser power settings.  Only one of these scans was selected for analysis for each 
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channel per slide. A set of scans was selected that had similar natural logged median intensity values for the 
Cy3 and Cy5 channels of each individual slide and across all slides.  
 
The lowess normalization method was applied to the log of background-corrected raw signal intensities to 
remove signal-intensity-dependent dye effects on each slide (26, 27).  Normalization was conducted separately 
for each slide to avoid introducing dependencies among biological replications.  Following lowess 
normalization, the normalized data for each slide/dye combination were median-centered so that expression 
measures would be comparable across slides.  Median centering involves subtracting the median value for a 
particular slide/dye combination from each individual value associated with the particular slide/dye 
combination.  Thus, negative (positive) values indicate that a particular transcript was expressed below (above) 
the median for a particular slide/dye combination. 
 
The SAM1.1a maize cDNA array chip contains 19,200 spots.  Prior to statistical analysis 897 “empty” and 
“bad-PCR” spots were removed from the data set. For each of the remaining 18,303 spots on the microarray, a 
mixed linear model analysis (28) of the normalized, log-scale signal intensities was conducted to identify 
transcripts whose expression differed significantly among genotypes.  The mixed linear model included fixed 
effects of genotype and dye and random effects related to the experimental design.  The p-values generated 
from the tests for line effect (testing for equality of the three genotype means) were used to determine 
significance of differential expression.  The estimated means from the mixed model for each genotype were 
used to identify the mode of gene action for all significant genes.  Each gene was classified into a significant 
pattern category using pairwise comparison tests (p-value < 0.05).  P-values from the linear-in-genotype 
contrasts (testing for F1 genotype mean equal to the average of the two parental line means) from the mixed 
models were used to classify significant genes into the categories of not distinguishable from additivity (p-value 
> 0.05) and distinguishable from additivity (p-value < 0.05).  Genes in the latter group were further classified 
into more specific non-additive categories using the aforementioned significant patterns.  Genes with an F1 
genotype mean not significantly different than one parent and significantly larger (smaller) than the other parent 
were said to exhibit high-parent (low-parent) dominance.  Genes with an F1 genotype mean that was 
significantly larger (smaller) than both B73 and Mo17 were said to exhibit “clear” overdominance 
(underdominance).  
 
Following the statistical analysis an additional 4,112 spots were removed from the data set due to concerns 
regarding the quality of the associated DNA sequences and 192 exogenous spots were also removed.  As a 
result, this study reports the gene expression patterns of 13,999 “informative” spots.   
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Validation of Gene Expression via qRT-PCR 
Primers were designed to amplify a sample of genes that exhibited statistically significant genotype effects in 
the analysis of the microarray data.  Individual ESTs or EST contigs (if available) were compared to the MAGI 
4.0 database (http://magi.plantgenomics.iastate.edu/) of assembled maize genomic sequences (29) using BLAST 
(30).  The primers were designed using Primer3 (31).  The following design parameters were used: Tm: 58°C to 
61°C, no difference greater than 2°C between the primers in a pair; primer length: 19-24 bp; GC content: 45-55; 
amplicon length: 100-200 bp.  Whenever possible, primers were designed to span introns.  Only primer pairs 
having high scoring matches to a single MAGI were synthesized (IDT).  Only primers yielding a single product 
in conventional PCR and qRT-PCR were used in the validation experiment.   
 
RNA samples from seven biological replications of B73, Mo17, and the F1 were treated with RNase-free DNase 
I (Stratagene, LA Jolla, CA), extracted with 1:1 phenol:chloroform, and purified with the RNeasy Mini Kit 
(Qiagen, Valencia, CA).  qRT-PCR was conducted using an Mx4000 multiplex quantitative PCR system 
(Stratagene).  A human gene (Genbank Ac AA418251) was spiked into each reaction as an external reference 
for data normalization.   
 
qRT-PCR data were initially analyzed using Mx4000 analysis software.  Genotype-specific Ct values for each 
gene and control were calculated using baseline corrected, ROX normalized parameters.  Three technical 
replicates were included in each plate, and the average Ct value for each genotype was normalized within a plate 
to the human control gene by computing ∆Ct,genotype = Ct,genotype – Ct,genotype(control) (32).  The ∆Ct,genotype values from 
the 7 biological replicates were analyzed with SAS statistical software using a mixed linear model that included 
the fixed effect of genotype and random effects relevant to the experimental design.  The fixed effect of 
genotype (B73, Mo17, F1) was tested for significance (p-value < 0.05) and genes were classified into significant 
patterns using pairwise comparison tests (p-value < 0.05).   
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TABLE 1 
Heterosis for seedling dry weight. 
 
 
 
 
 
Genotype Mean Seedling Dry Weight (g)* 
B73 0.351 ± 0.092 
Mo17 0.295 ± 0.077 
B73xMo17 0.392 ± 0.085 
Mo17xB73 0.517 ± 0.078  
*Seedlings of each genotype were grown under the conditions described in the 
Methods section.  B73xMo17 and Mo17xB73 designate reciprocal hybrids in 
which the female parent is B73 or Mo17, respectively.  Dry weights were 
determined for 36 individual seedlings per genotype. 
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TABLE 2 
44 ESTs exhibited overdominant or underdominant gene action in the microarray analysis. 
 
GenBank  Significant NP NP Fold 
Accession No. ¶ BLAST Results (e value) * Pattern † p-value ‡ Change § 
 Overdominant gene action     
BG841554 Unknown protein (6e-41) B≈M<F 0.0313 2.01 
CB334498 ns B≈M<F 0.0060 0.63 
DV550679 ns B≈M<F 0.0140 1.42 
DV489625 Putative serine-threonine protein kinase (1e-42) B≈M<F 0.0063 1.40 
DV496092 Putative peroxidase (2e-14) B≈M<F 0.0163 1.40 
CD661986 Putative jasmonate-induced protein (2e-19) B≈M<F 0.0185 1.35 
CD484960 β-glucosidase aggregating factor precursor (2e-37) M<B<F 0.0007 1.33 
DV494333 Pre-mRNA splicing factor (3e-15) B≈M<F 0.0036 1.29 
DV549450 Putative SSR alpha subunit (9e-75) B≈M<F 0.0156 1.26 
CD651121 β-glucosidase aggregating factor precursor (3e-35) B≈M<F 0.0496 1.26 
DV549419 Single-strand DNA endonuclease (4e-6) B≈M<F 0.0271 1.25 
DV550393 Unknown protein (2e-11) B≈M<F 0.0393 1.25 
CB331016 Putative glucose-1-phosphate adenyltransferase (6e-13) B≈M<F 0.0311 1.24 
BM379680 Superoxide dismutase (1e-43) B≈M<F 0.0104 1.24 
CB280807 Proteasome component (2e-18) B≈M<F 0.0034 1.24 
DV491691 ns B≈M<F 0.0383 1.23 
CB603924 Putative jasmonate-induced protein (2e-19) B≈M<F 0.0284 1.23 
DV943290 Calcineurin B protein (3e-51) B≈M<F 0.0205 1.23 
BM080645 Unknown protein (1e-10) M<B<F 0.0433 1.22 
CB381444 Pollen 2-phosphoglycerate dehydrogenase 2 precursor (6e-92) B≈M<F 0.0103 1.22 
DV622265 ADP-ribosylation factor (5e-81) B≈M<F 0.0349 1.21 
DV489865 Expressed protein (2e-39) B≈M<F 0.0154 1.21 
CB617229 Superoxide dismutase (2e-84) B≈M<F 0.0107 1.20 
CD651750 β-glucosidase aggregating factor precursor (4e-22) B≈M<F 0.0430 1.20 
*Individual ESTs or the corresponding EST contigs (if available) were screened against a copy of the NCBI nr database downloaded Feb 
8, 2006 using Blastx. ns indicates no significant BLAST hits using an E-value cutoff of e-5. 
†≈ indicates a failure to reject the null hypothesis that the values of the indicated genotypes are identical at p<0.05. B, B73; M, Mo17; F, 
F1 
‡ Near-Parent P-value from equality of means test between F1 and parent with the nearest level of gene expression. 
§Fold change between F1 and parent with the nearest level of gene expression shown as a ratio. For overdominant genes, the ratio of F1 to 
near parent expression level is listed; for underdominant genes, the ratio of the near parent to F1 expression level is listed. 
¶Based on sequence similarity, the following groups of ESTs appear to correspond to single genes: CD661986, CB603924, CD651750, 
CB380870, and CB605313; CD484960 and CD651121; BM379680, CB617229, and BM073302; CD001350 and CD485186. 
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TABLE 2 (CONTINUED) 
GenBank  Significant NP NP Fold 
Accession No. ¶ BLAST Results (e value) * Pattern † p-value ‡ Change § 
 Overdominant gene action     
BM073302 Superoxide dismutase (7e-74) B≈M<F 0.0182 1.19 
CB381307 Putative 20 kDa chaperonin (7e-47) B≈M<F 0.0286 1.19 
CB331033 Putative translation elongation factor (2e-30) B≈M<F 0.0495 1.18 
CB329753 Superoxide dismutase (4e-77) B≈M<F 0.0330 1.18 
CB380870 Putative jasmonate-induced protein (6e-19) M<B<F 0.0240 1.17 
CB605313 β-glucosidase aggregating factor precursor (6e-22) B≈M<F 0.0427 1.17 
CB886104 Histone H2B (4e-35) B≈M<F 0.0315 1.17 
CD001350 Nucleosome/chromatin assembly factor group D protein (7e-12) B≈M<F 0.0200 1.16 
CD485186 DNA-binding protein (1e-22) B≈M<F 0.0344 1.16 
DV492982 Putative translation elongation factor (5e-40) B≈M<F 0.0496 1.16 
  Underdominant gene action    
DV493742 Zein (2e-67) F<B≈M 0.0137 4.27 
CB281986 Putative nucleoside diphosphate kinase (7e-31) F<B≈M 0.0201 2.71 
BM337640 15 kDa beta zein (8e-44) F<B≈M 0.0074 3.85 
AI612441 ns F<B≈M 0.0162 3.45 
BM351629 ns F<B≈M 0.0433 2.46 
BM073434 Pathogenesis related protein (5e-66) F<B≈M 0.0002 2.00 
DV489785 Multidrug resistance protein (6e-19) F<B≈M 0.0047 1.45 
DV942972 ns F<B≈M 0.0068 1.61 
BM073507 ns F<B≈M 0.0252 1.58 
DV622486 Branched silkless 1 (2e-9) F<B≈M 0.0341 1.24 
 
 27
TABLE 3 
The 35 genes identified as being differentially regulated among genotypes in the microarray analysis that 
had significant qRT-PCR validation results.   
 
  Microarray Results  qRT-PCR Results 
GenBank  Fold-  Significant   Significant
Accession No. BLAST Results (e value)* change † Sector ‡ Pattern§  P-value Pattern 
                        Equivalent gene action observed in microarray and qRT-PCR experiments  
BM073941 Beta-amyrin synthase  (2e-48) 87.98 10 M < B ≈ F  < 0.0001 M < B ≈ F
BM340381 ns 10.73 10 M < B ≈ F  0.0008 M < B ≈ F
BM338817 ns   9.79 10 M < B ≈ F  0.0014 M < B ≈ F
BM074072 Heme A:farnesyltransferase (1e-14)   9.37 10 M < F < B  < 0.0001 M < F < B
BM334691 ns  6.64 3 B < M ≈ F  0.0053 B < M ≈ F
BM073390 ns  6.27 3 B < F < M   < 0.0001 B < F < M
BM337350 ns  5.06 10 M < B ≈ F  < 0.0001 M < B ≈ F
BM079864 Circulin B (8e-07)  4.31 3 B < F < M  < 0.0001 B < F < M
DV942972 ns  3.86 9 M < F < B  0.0002 M < F < B
DV550757 Unknown protein (2e-59)  3.47 3 B < F < M  < 0.0001 B < F < M
DV549373 Putative chloroplast 50S ribosomal protein (4e-30)  2.40 11 M < B ≈ F  < 0.0001 M < B ≈ F
BM080645 Unknown protein (1e-10)  2.08 11 M < B < F  0.0002 M < B < F
BM073434 Pathogenesis related protein (5e-66)  2.05 6 F < B ≈ M  0.0035 F < B ≈ M
BM072868 Unknown protein (2e-12)  2.01 11 M < B ≈ F  0.0001 M < B < F
DV490892 ns  1.76 2 B < M ≈ F  < 0.0001 B < M ≈ F
* Individual ESTs or the corresponding EST contigs (if available) were screened against a copy of the NCBI nr database  
  downloaded Feb 8, 2006 using Blastx.  ns indicates no significant BLAST hits using an E-value cutoff of e-5. 
† Fold changes were calculated between highest and lowest expressing genotypes. 
‡ Sector location in Figure 2. 
§ ≈ indicates a failure to reject the null hypothesis that the values of the indicated genotypes are identical at p<0.05.  
  B, B73; M, Mo17; F, F1. 
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TABLE 3 (CONTINUED) 
  Microarray Results  qRT-PCR Results 
GenBank  Fold-  Significant   Significant
Accession No. BLAST Results (e value)* change † Sector ‡ Pattern§  P-value Pattern 
                        Detectable gene action patterns are consistent in microarray and qRT-PCR experiments  
BM348583 Putative cytochrome P450 (2e-6)  26.00 10 M < B ≈ F  < 0.0001 M < F < B 
BM073611 ns  22.77 10 M < B ≈ F  < 0.0001 M < F < B 
BG841239 Unknown protein (4e-76)  17.07 10 M < F < B  0.0260 M < B ≈ F 
BM073284 Circulin B (7e-7)  16.57 3 B < M ≈ F  < 0.0001 B < F < M 
BM073916 ns  5.01 9 F ≈ M < B  < 0.0001 M < F < B 
BM336730 ns  4.18 9 F ≈ M < B  < 0.0001 F ≈ M < B 
BM337359 Putative wound-inducive gene (1e-14)  3.42 8 F < B  < 0.0001 M < F < B 
BM337880 ns  3.26 8 F ≈ M < B  < 0.0001 M < F < B 
DV489988 Cytosolic aldehyde dehydrogenase RF2D (2e-49)  2.26 2 B < M ≈ F  < 0.0001 B < F < M 
DV489868 Putative MYB29 protein (2e-48)  2.24 4 F ≈ B < M  < 0.0001 B < F < M 
AI861151 Putative Xa1-like protein (2e-68)  2.22 4 B < F < M  0.0107 F ≈ B < M 
DV942867 ns  2.20 8 F ≈ M < B  < 0.0001 M < F < B 
BG842276 unknown protein (1e-10)  2.05 11 M < B ≈ F  < 0.0001 M < B < F 
BG841156 Carboxypeptidase D (7e-74)  2.02 2 B < M ≈ F  < 0.0001 B < F < M 
CB334498 ns  1.65 1 B ≈ M < F  0.0423  M < F 
CD661986 Putative 32.7 kDa jasmonate-induced protein (2e-19)  1.59 12 B ≈ M < F  0.0385 B < F 
DV489625 Putative serine-threonine protein kinase (1e-42)  1.41 12 B ≈ M < F  0.0411 B < F 
                        Different modes of gene action detected in microarray and qRT-PCR experiments  
BG841472 Putative cystatin (3e-61)  4.66 3 B < M ≈ F  < 0.0001 M < B ≈ F 
BM073340 nonspecific lipid transfer protein (5e-23)  2.92 3 B < M ≈ F  < 0.0001 M < B ≈ F 
BM268642 transcription factor MADS57 (1e-23)  2.14 11 M < B ≈ F   < 0.0001 B < F < M 
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TABLE 4 
Microarray analysis results, mode of gene action classified, and BLAST annotation for the 1,367 ESTs 
identified as differentially expressed among genotypes (15% FDR).  
 
 
This table is available as supplementary material to the published manuscript at: 
http://www.pnas.org/content/103/18/6805/suppl/DC1 
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TABLE 5 
Ten genes in the qRT-PCR experiments did not have sufficient statistical power to determine a 
significant pattern of gene action. 
 
  
GenBank 
Accession No. BLAST Results (e value)* 
Fold- 
change † Sector ‡ 
Significant 
Pattern § 
qRT-PCR 
P-value 
  No significant differences detected in qRT-PCR experiment   
CB815723 cysteine proteinase inhibitor (2e-55) 2.99 2 B < M ≈ F 0.7942 
AI782877 unknown protein (2e-87) 4.56 4 F ≈ B < M 0.6929 
AI665879 cytochrome c oxidase subunit 2 (1e-13) 1.97 5 F ≈ B < M 0.1122 
BM348600 ns 3.87 8 F < B 0.1746 
AW126440 unknown protein (3e-11) 6.36 10 M < B ≈ F 0.098 
CD484517 similar to H3 histone family (8e-12) 2.35 11 M < B ≈ F 0.3528 
AI714832 unknown protein (2e-36) 2.27 11 M < F 0.4008 
BM351629 ns 3.91 7 F < B ≈ M 0.6863 
DV489785 multidrug resistance associated protein (2e-18) 1.78 7 F < B ≈ M 0.3865 
DV493742 unknown protein (3e-75) 4.66 7 F < B ≈ M 0.8502 
*Individual ESTs or the corresponding EST contigs (if available) were screened against a copy of the NCBI nr database 
 downloaded March 2005 using Blastx.  ns indicates no significant BLAST hits using an E-value cutoff of e-5.  
† Fold changes were calculated between highest and lowest expressing genotypes. 
‡ Sector location in Figure 2. 
§ Significant pattern determined in microarray analysis. ≈ indicates a failure to reject the null hypothesis that the values of the indicated    
genotypes are identical at p<0.05. B, B73; M, Mo17; F, F1. 
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FIGURE LEGENDS 
Figure 1.  Distribution of P values for the 13,999 gene-specific hypothesis tests for equality of means across 
genotypes. 
 
Figure 2.  Two-dimensional presentation of gene action and fold changes of ESTs that are differentially 
expressed in B73, Mo17, and their F1 hybrid.  ESTs falling directly onto a dashed line between 1 and 7 o’clock, 
3 and 9 o’clock, or 5 and 11 o’clock exhibited differences in expression from the low to the middle expressing 
genotype that is equivalent to the change from the middle to the high expressing genotype.  ESTs falling on the 
horizontal and vertical lines exhibited pure additivity and over- (or under-) dominance, respectively (see plot 
labels).  The radius at which an EST is plotted represents the log2 of the fold change between the high- and low-
expressing genotypes.  ESTs associated with a FDR of 1%, 5%, and 15% are shown in red, blue, and black, 
respectively.  To provide better resolution for those of the 1,367 differentially expressed ESTs with smaller fold 
changes, only the 1,361 ESTs that exhibited changes of <16 fold are plotted.  The remaining six ESTs are listed 
in Table 4.  
 
Figure 3.  Histogram of fold changes (differences between low-and high-expressing genotypes) for the 1,367 
ESTs that exhibited statistically significant differences in expression among genotypes.   
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Figure 1 Swanson-Wagner, Jia et al., 2006 
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Figure 2 Swanson-Wagner, Jia et al., 2006 
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Figure 3 Swanson-Wagner, Jia et al., 2006 
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ABSTRACT 
Heterosis (hybrid vigor) refers to the superior performance of hybrid progeny relative to their parents.  
Although widely exploited in agriculture, the mechanisms responsible for heterosis are not well understood.  
Maize plants can be used as either male or female parents. Hybrids between the maize inbred lines B73 and 
Mo17 exhibit heterosis regardless of which line is used as the female parent.  These reciprocal hybrids differ 
from each other phenotypically and 30-50% of their genes are differentially expressed.  An experiment 
conducted to better understand regulation of gene expression in inbred and hybrid lines detected ~4,000 eQTL.  
The majority (~78%) of eQTL act in trans; many (86%) of the trans-eQTL differentially regulate transcript 
accumulation in a manner consistent with gene expression in the hybrid being regulated exclusively by the 
paternally transmitted allele.  This suggests that widespread paternal imprinting contributes to the regulation of 
gene expression in maize hybrids. 
 
 
†To whom correspondence should be addressed: E-mail: schnable@iastate.edu 
 
 
INTRODUCTION  
Heterosis refers to the enhanced agronomic performance of a hybrid relative to its (usually) inbred parents (1).  
Although exploited by breeders for over a century, the molecular mechanisms underlying this phenomenon 
have not been deciphered (2).  We and others have documented widespread differences in gene expression in 
the maize Mo17xB73 hybrid relative to its inbred parents B73 and Mo17 (3-5).  Because maize is monoecious, 
a given plant can be used as both male and female parents of hybrids.  The reciprocal B73xMo17 and 
 36
Mo17xB73 hybrids are both highly heterotic, but despite having identical nuclear genomes exhibit statistically 
significant differences in development (Table 1).  Reciprocal effects on phenotypes have been documented in 
several plant species (6, 7), but have not been reported at a molecular level in maize outside of endosperm and 
early embryo tissue (6, 8).  In this study, we investigated reciprocal effects on transcript accumulation and 
global mechanisms that regulate transcript abundance in inbred and hybrid maize seedlings. 
 
RESULTS AND DISCUSSION 
Genome-wide transcript accumulation in the B73xMo17 and Mo17xB73 hybrids was measured using a cDNA 
microarray (9).  A 5% false discovery rate (FDR) cutoff produced a list of 1,515 (~11%) significantly 
differentially expressed genes (Table 2).  Similar results were obtained from an independent RNA-sequencing 
experiment (Tables 2, 3).  Although the magnitudes of these effects were modest (Fig. 1), using the statistical 
methods of Nettleton et al. (10, 11) we estimated that >50% (N=7,325/14,118) of the genes on the array and 
~33% (N= 871/2,640) of the highly expressed genes in the RNA-sequencing experiment were differentially 
expressed.  Reciprocal effects on gene expression have been detected in Drosophila, mouse and Arabidopsis 
(12-15) but the numbers involved are two to three orders of magnitude smaller than reported in this study.  Even 
so, in combination these results demonstrate that reciprocal effects contribute to variation in the expression of 
tens (14) to hundreds (12) to thousands (this study) of genes, but do not identify the responsible mechanisms.   
 
Expression QTL (eQTL) experiments designed to detect genetic regulators of gene expression have been 
conducted in multiple species (16), but are typically conducted using Recombinant Inbred Lines (RILs) or other 
inbred genotypes.  Consequently, they are unable to determine the effects of heterozygosity on gene expression 
patterns (12).  We conducted an eQTL experiment using a set of 29 IBM RILs derived from a cross between 
B73 and Mo17 and hybrids generated by crossing each RIL onto B73 and Mo17.  In combination with the RILs 
per se, these hybrids provide contrast of gene expression regulation at heterozygous and homozygous genotypes 
across all loci that are polymorphic between B73 and Mo17 (Fig. 2). 
 
Separate eQTL analyses were conducted within each cross-type (B73xRIL, Mo17xRIL, RIL) using a genome 
scan with 1,064 highly informative markers (9).  The calculated genetic map positions of differentially 
regulated genes were compared to the genetic positions of the eQTL that regulate them.  For this study, an 
eQTL was deemed to act in cis if a regulated gene and its corresponding eQTL were estimated to be within 5 
cM of each other.  Trans-eQTL were defined as those located on different chromosomes than the genes they 
regulate.  
 
The methods we applied (9, 17) to calculate P values and estimate FDRs resulted in lists of 1,334-1,904 
significant major eQTL associations within each cross-type (Table 4).  Approximately 25% of the genes that 
were significantly associated with an eQTL in one cross-type also exhibited significant association with an 
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eQTL in at least one other cross-type.  In the majority of such cases, the same genomic region regulated the 
gene in multiple cross-types (Table 5, Fig. 3).  To visualize the distributions of the eQTL and the genes they 
regulate, each significant gene-marker association was plotted (Fig. 4). 
 
Only 10% of the detected eQTL act in cis.  On average, these cis-eQTL have significantly larger effects as 
compared to trans-eQTL (Table 4, Fig. 5), as has been reported for maize (4, 18) and other species (16).  The 
mechanisms underlying cis- and trans-eQTL likely contribute to these differences in magnitude.  Cis-effects are 
direct, whereas trans-effects require interactions among loci.  It has been hypothesized that trans-eQTL with 
large effects are rare because they can regulate many genes or entire pathways that, if substantially up- or down-
regulated, could be detrimental (19, 20).    
 
78/114 (68%) of the cis-regulated genes detected within the RIL cross-type were also detected in a previous 
study as being differentially expressed between the B73 and Mo17 inbred lines per se (5) and exhibited 
consistent directions of effect in the two studies. Because the RILs used in the current study consist of mosaics 
of the B73 and Mo17 genomes, these results validate the stability of these cis-eQTL across genetic 
backgrounds. 
 
Nearly 80% of detected eQTL act in trans (Table 4, Fig. 4), a proportion that is reasonably consistent with 
reports from other species (18, 21-26) and with the existence of many identified trans-acting factors that 
influence diverse biological processes in maize (27-31).  Previous studies that reported a predominance of cis-
regulation in maize (3, 32) may have over-estimated the number or proportion of cis-regulated genes due to 
ascertainment bias by analyzing only genes containing SNPs between B73 and Mo17 and/or limited statistical 
power to detect the more subtle effects of trans-eQTL (16). 
 
Several chromosomal regions were detected where a single marker was associated with differential expression 
of dozens of genes (Fig. 4).  We selected one such eQTL marker (Interval 377) that was associated with the 
differential regulation of more than 20 genes for Mendelization (Fig. 6).  Subsequently, seedlings were 
generated that had BB, BM, and MM genotypes at Interval 377 in genetic backgrounds that were otherwise 
94% identical to that of the recurrent parent.  Expression levels for three genes regulated by Interval 377 were 
measured via qRT-PCR (Table 6).  All exhibited significant differences in expression between homozygous 
(MM) and heterozygous (BM) plants that were consistent with patterns observed in the eQTL analysis.  These 
tests demonstrate the stability of this trans-eQTL across generations and technologies. 
 
Clustering of expression patterns of all genes regulated by eQTL distinguish cis- and trans-regulated genes (Fig. 
7).  For most cis-regulated genes the two heterozygotes had similar levels of expression and these levels were 
intermediate to the levels in the two types of homozygotes (additive gene action; Clusters 1-2, Fig. 7).  In 
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contrast, 86% of genes regulated by trans-eQTL exhibited a novel mode of gene action in B73xRILMM and 
Mo17xRILBB hybrids that we term “paternal dominance”.  As was observed for cis-regulated genes, it would be 
expected that trans-regulated genes would, on average, exhibit similar levels of gene expression in these two 
types of hybrids because both are heterozygous for the relevant trans-eQTL.  Instead, for most trans-eQTL, 
expression levels in those hybrids generated using a RILBB as the paternal parent matched expression levels in 
lines that were homozygous for the B allele of the trans-eQTL, and hybrids generated using a RILMM as the 
paternal parent had expression patterns that matched expression levels in lines that were homozygous for the M 
allele of the trans-eQTL (Clusters 3-4, Fig. 7; Fig. 2).  These results are consistent with gene expression levels 
in hybrids being regulated exclusively by the paternally transmitted allele of these trans-eQTL. Because this 
analysis did not include a direct comparison of B73xRILMM and Mo17xRILBB, we validated these unusual 
patterns of gene expression for five genes regulated in trans by Interval 377 using a combination of qRT-PCR 
and Sequenom Quantitative Gene Expression (QGE) assays (Table 6). 
 
The QTL analyses reported here were conducted such that the maternally contributed allele in hybrids was held 
constant but the paternally contributed alleles varied (e.g., expression levels were compared for a given gene 
between the averages of B73xRILBB vs. B73xRILMM genotypes at the eQTL locus, Fig. 2).  This experimental 
design rules out maternal or cytoplasmic effects as being responsible for the paternal dominance of trans-eQTL 
observed in this study.  In contrast, the expression patterns of the regulated genes are consistent with paternal 
genomic imprinting of the regulating trans-eQTL.  
 
Previous global studies of gene expression have not detected widespread genomic imprinting.  Had this study, 
like most eQTL studies conducted to date, included only inbred genotypes, the cis- and trans-regulated gene 
patterns would not have been distinguishable.  Additionally, if only one of the two hybrid cross-types had been 
included in this study, the gene action of these trans-eQTL would have incorrectly been classified as Mendelian 
dominance.  Finally, these patterns would have been missed if our experimental design lacked sufficient 
statistical power to detect the modest effects of trans-eQTL.  Therefore, it is not currently possible to conclude 
how widely distributed this phenomenon is across the tree of life.  
 
It was initially puzzling that the paternal genomic imprinting was mostly restricted to trans-eQTL.  But when 
considering our results in conjunction with recently established findings about small RNAs, we found a 
plausible biological explanation.  Specifically, it has been established that small RNAs have the ability to 
regulate gene expression in trans (33, 34) and that small RNAs can be subject to parent-specific genomic 
imprinting (35, 36).  We therefore hypothesize that many of the detected trans-eQTL encode small RNAs that 
are subject to paternal genomic imprinting.  Because there are many paternally imprinted trans-eQTL, and many 
trans-eQTL regulate multiple genes, the effects of this paternal genomic imprinting are broadly propagated 
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throughout the transcriptome, thereby presumably contributing to observed phenotypic differences between 
reciprocal hybrids. 
 
METHODS 
Genetic Stocks 
Crossing the inbred lines B73 and Mo17, using B73 as the female and male parent, respectively, generated the 
B73xMo17 and Mo17xB73 reciprocal F1 hybrids.  The RIL, B73xRIL, and Mo17xRIL lines were generated by 
self pollinating RILs and crossing RILs (as male) onto B73 and Mo17, respectively (Fig. 2). 
 
Phenotypic Measurements of Reciprocal Hybrids 
The B73xMo17 and Mo17xB73 hybrids were included as entries in a larger experiment designed to identify 
QTL for seedling dry weight during the fall of 2007 and the fall of 2008.  Seedlings were grown in greenhouse 
sand benches in Ames, Iowa.  Within each of five replications, 25 rows of each of the reciprocal hybrids were 
randomized (5 kernels per row).  Fourteen days after planting, all above ground tissue was collected and pooled 
within each row.  Samples were dried for 2-3 days at ~60ºC and weighed. 
 
In a field-based QTL experiment conducted during the summer of 2008 in Ames, Iowa, the reciprocal hybrids, 
B73xMo17 and Mo17xB73, were randomized within each of three biological replications.  Each replication 
included 8 blocks containing 5 rows of each of the reciprocal hybrids (5 plants per row).  In total, each 
replication had ~200 plants for each reciprocal hybrid.  Cobs were harvested from each plant at maturity and 
dried for 2-3 days at ~38ºC.  Post shelling, dry cob weights were measured for each plant.  Within-row and 
within-rep averages were calculated (Table 1, Fig. 8). 
 
Mapping Genetic Markers 
A genetic map containing ~9,000 markers (37, 38) was condensed to a set of highly informative markers to 
achieve a more efficient analysis.  Markers that mapped to identical cM locations were replaced with a single 
marker whose genotype for each RIL was set equal to the most commonly occurring genotype among these 
markers, provided the most common genotype was shared by at least 70% of these markers.  In rare instances 
for which the most commonly occurring genotype had less prevalence than 70%, the RIL genotype was 
considered missing.  This procedure resulted in a condensed map containing 1,064 highly informative markers.  
Recently, we built an enhanced, integrated map containing approximately 10,000 PCR-based markers and SNP 
markers (39).  The positions of each of 1,064 condensed map markers on the integrated map were used for 
subsequent data investigations. 
 
 40
Selection of Recombinant Inbred Lines for eQTL Experiment 
From the 91 RILs that were extensively genotyped by Fu et al. (37), 30 were selected using an ordered-gene 
evolutionary algorithm to maximize diversity while restricting the number of RILs (40).  Potential allelic bias 
was investigated across the 30 selected RILs at the marker locations by examining the proportion of B73 alleles 
present.  The majority of the 1,064 genetic markers selected for this analysis have little bias towards either 
parental allele.  PCR-based genotyping conducted on analyzed genotypes as a quality control detected an 
inconsistent seed source.  Consequently, eQTL analyses were conducted on 29 RILs (one of which had 8 
biological replications rather than 4). 
 
Plant Growth and RNA Extraction 
Seedlings were planted, watered with fertilizer (0.7 mM calcium nitrate), and harvested as per the methods of 
Swanson-Wagner et al. (5).  TRIzol (41) was used to extract RNA from five grams of ground tissue.  The 
isolation of mRNA, reverse transcription, fluorophore incorporation, and microarray hybridizations were 
conducted as described (5) and in agreement with the experimental designs.  
 
Microarray Printing 
The SAM1.1 (GPL3333), SAM1.2 (GPL4521), and SAM3.0 (GPL3538) custom cDNA microarrays were 
printed as previously described (5).  The GEO platform, sample information and data files for these chips are 
posted at www.ncbi.nlm.nih.gov/projects/geo/query/acc.cgi?acc=GSE16136.  
 
Microarray Data Acquisition 
Post-hybridization and washing, arrays were scanned with a ProScan Array HT (Perkin Elmer, Wellesley, MA).  
A minimum of four scans was completed for each dye channel at constant photomultiplier tube gain and 
increasing laser power settings.  Post-quantification, data for non-informative spots were removed for reasons 
previously discussed (5).  As a result, the analysis for this study included data for 14,401 and 14,118, and 
14,270 informative spots on SAM1.1, SAM1.2, and SAM3.0, respectively. 
 
Linear Regression and Medium Scan Selection of Data at Multiple Scan Settings 
For each channel on multiple scans, the signal intensities of saturated spots were linearly, iteratively 
extrapolated using the unsaturated data at the low laser power and PMT setting (42).  Instead of using the 
linearly extrapolated data set at the highest scan setting, the linearly extrapolated data set at the medium scan 
intensity was used for eQTL analysis (43). 
  
Design and Analysis of Reciprocal Hybrid Microarray Experiment 
Six replications of the reciprocal hybrids, B73xMo17 and Mo17xB73, were grown in growth chambers to 
tightly control environmental variation as described (5).  Seeds from each genotype were taken from a single ear 
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for all six replications.  Within each replication, growth locations were randomly assigned to genotypes.  Six 
healthy seedlings from each genotype and replication were harvested two weeks after planting.  For each 
replication, B73xMo17 and Mo17xB73 were hybridized to the SAM1.2 microarray using a randomized, 
alternate dye assignment. 
 
The LIMMA package (44) produced P values for the test of significant differential expression between 
B73xMo17 and Mo17xB73 for each gene in the analysis.  Estimated FDR cutoffs of 5%, 10%, and 15% 
produced significance lists of lengths 1,515, 4,286, and 6,069 genes, respectively (Table 2, Table 7).  The 
estimated effect sizes (fold change) for each of the genes at the 5% FDR cutoff were plotted (Fig. 1). 
 
The statistical method of Nettleton et al. estimates the number of true null hypotheses when multiple tests are 
conducted (10).  Applying this method, the number of true nulls (m0: the estimate of the number of genes that 
are not differentially expressed) in this analysis was 6,793.  Thus, the number of differentially expressed genes 
was estimated to be 14,118-6,793=7,325. 
 
Solexa Sequencing of B73xMo17 and Mo17xB73 
RNAs were extracted from a single biological replication of 14-day-old B73xMo17 and Mo17xB73 seedlings 
(grown independently from the microarray samples).  RNAs were purified using DNaseI treatment followed by 
cleanup with the RNeasy Plant Mini Kit (Qiagen, Valencia, CA) as per manufacturer instructions.  Sequencing 
library construction was conducted using the Illumina mRNA-Seq sample preparation kit.  The sequences for 
B73xMo17 and Mo17xB73 samples were submitted to NCBI GEO as GSM418173 and GSM418174, 
respectively (GEO Platform ID GPL8734).  
 
Fisher’s Exact Test (FET) was used to test for differential expression for each gene with at least one read for at 
least one of the two hybrid samples.  FET produces P values that fall in a finite set of possible values between 0 
and 1.  The potential P values that can be obtained (known as the support of the P value distribution) depend on 
the total number of reads for a gene in both hybrid samples.  Because the observed number of reads differs from 
gene to gene, the collection of FET P values do not all share the same support.  This has important implications 
for estimating false discovery rate (FDR) and the number of true null hypotheses m0 out of the total number of 
tests m.  Many methods exist for estimating m0 and FDR (10, 45) but most assume each of the m P values are 
uniformly distributed under the null hypothesis of no differential expression and can take any value between 0 
and 1, which is not the case for FET P values.  To address this issue, we used the following procedure.  For 
genes with substantial numbers of reads (more than 200), P values were treated as continuous on the interval 0 
to 1, and the number of true null hypotheses among these tests was estimated using a traditional method (10).  
For the remaining genes (with 200 or fewer reads), the P values were grouped according to their discrete 
supports, and for each unique discrete support, we estimated the number of P values that correspond to true null 
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hypotheses using the procedure of Bancroft and Nettleton (11).  To obtain an experiment-wise estimate of m0, 
we added the individual estimates of the number of true null hypotheses from each unique discrete support plus 
the estimate of the number of true null hypotheses from those P values calculated from more than 200 reads.  
The estimated total number of differentially expressed genes using this approach was 1,740.  However, many of 
the genes tested for differential expression had very few reads.  This results in low power for detecting 
differences and leads to underestimation of the total number of differentially expressed genes.  If we focus on 
the 10% of genes with the greatest number of total reads across both hybrid samples, where estimates of the 
number of differentially expressed genes are more accurate, approximately one third of the genes (871/2,640) 
were estimated to be differentially expressed.  This estimate was then used in the adaptive approach to 
controlling FDR among all genes as described (11).  With a 5% FDR cutoff, 549 genes were identified as 
differentially expressed between the reciprocal hybrid samples among all genes. 
 
Mapping Informative Spots from the SAM1.1 and SAM3.0 Microarrays to Genetic Positions 
For each informative spot on the microarrays, EST sequences were downloaded from GenBank and trimmed 
against UniVec database (dated: April 22nd, 2008).  Trimmed sequences were then aligned to the Maize 
Genome Sequencing Project’s (MGSP’s) B73 reference genome (Release 03/20/2009) using GMAP and EST 
hits were parsed if all the exons shared ≥ 95% identity and ≤ minimum (5% of EST length, 60bp) as tails.  If 
multiple accessions numbers associated with a single spot hit the reference genome, they were retained only if 
the hits were on the same chromosome and ≤ 2kb apart.  Spots that did not fit these criteria were considered 
unmapped.  In total, 11,664/14,401 (81%) and 11,456/14,270 (80%) of the informative spots on SAM1.1 and 
SAM3.0 could be mapped to the reference genome, respectively. 
 
A General Additive Model (GAM) function was generated using the positions of genetic markers that anchor 
the physical and genetic maps (46).  The resulting model was used to predict the genetic map positions of 
microarray spots based on their alignments to the physical map.  We conducted similar cis vs. trans analyses 
using ~4,000 genes from the microarray that we had directly mapped genetically (37, 38).  The results based on 
the ~4,000 directly mapped genes were similar to those based on the ~23,000 genes reported in this study.  
 
Design and Analysis of eQTL Experiment 
Four biological replications of the RIL, B73xRIL, and Mo17xRIL cross-types were planted in growth chambers 
using seed from a single seed source (ear) for each genotype.  Each RIL and its crosses onto B73 and Mo17 
were planted using a split-plot design with RIL group (RIL and its cross onto B73 and Mo17) as the whole-plot 
treatment factor and cross-type (RIL, B73xRIL, and Mo17xRIL) as the split-plot treatment factor.  The whole-
plot portion of the experiment was designed as a randomized complete block design with four replications 
carried out on four separate occasions in the same controlled environment.  For the split-plot portion of the 
design, twelve seedlings of each RIL and its crosses were randomized within two adjacent flats in a growth 
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chamber (six healthy seedlings per genotype were randomly chosen and pooled at harvest).  For each 
replication, RIL, B73xRIL, and Mo17xRIL cross-types were hybridized to custom cDNA microarrays using a 
loop design such that each loop included all pair wise comparisons between the RIL and its crosses with B73 
and Mo17.  Four biological replications were hybridized to the SAM1.1 array and two of the four biological 
replications were hybridized to SAM3.0.  RNA samples were alternately labeled to provide dye balance within 
each loop and replication.  
 
Within-slide correlation coefficient between the Cy3 and Cy5 background-corrected raw signal intensities was 
used to quantify the quality of each slide in the eQTL experiment.  A correlation coefficient cutoff of 0.90 
flagged 4% (N=15) of the SAM1.1 slides for removal prior to analysis.  In many cases, these slides had visually 
apparent technical artifacts.  Using the same cutoff for SAM3.0 slides, less than 1% (N=1) of the slides were 
below this cutoff, and none were removed.  For the remaining slides, Lowess normalization was applied to the 
log of the background-corrected raw signal intensities to remove signal-intensity-dependent dye effects on each 
slide (47, 48).  Normalization was conducted separately for each slide to avoid introducing dependencies among 
expression values.  After normalization, data for each slide/dye combination were median-centered so 
expression measures would be comparable across slides.  Post-normalized data were summarized by averaging 
all technical and biological replicates within a genotype.  Thus, in the eQTL analysis, 29 expression values – 
each an average of 6 to 8 expression measurements for a particular genotype – were analyzed for each gene in 
the analysis of the 29 RILs, the 29 B73xRILs, or the 29 Mo17xRILs.  Summarization of the data in this manner 
is consistent with standard QTL mapping analysis, which identifies QTL by comparing variation between lines 
with different genotypes at a candidate locus to the among-line variation within each locus genotype.  Rather 
than averaging over the data points for each line prior to analysis, we could alternatively have modeled the 
complete data.  This would allow separate estimation of biological and technical variance components for each 
expression trait, but this analysis would be computationally more complex and, more importantly, would not 
lead to different inference about association between marker genotype and expression, which is the focus of this 
study. 
 
For each of the 28,671 informative spots on the microarrays, expression was tested for association with each of 
the 1,064 genetic markers in the analysis.  Within each of three cross-types (B73xRIL, Mo17xRIL, and RIL), a 
least squares linear regression was fitted for every gene-marker combination using coded genotypes as the 
independent variable and expression as the dependent variable.  Rare missing genotype values were replaced by 
their expected values given non-missing flanking marker genotypes.  The test of interest was the t-test 
associated with the hypothesis of slope equal to zero.  For example, in the set of 29 B73xRIL lines, the 
transcript accumulations for a single gene in homozygous lines (BB, coded as -1) were compared to the 
expression of the same gene in those lines that are heterozygous (BM, coded as 1).  The resulting 1,064 tests for 
a given e-trait represent a genome scan, and the marker position with the largest absolute test statistic represents 
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the putative major eQTL.  To assess the significance of each putative major eQTL, the open source software 
QTL Reaper (49) was utilized to produce a permutation P value by comparing the observed absolute t-test 
statistic to the distribution of largest absolute test statistics across 1,000 data permutations of the expression trait 
relative to the marker genotype information.  These permutation P values can be used to test the null hypothesis 
of no genome association while controlling the genome-wide type I error rate for each trait (50). 
 
The approach suggested by Carlborg et al. (17) was used to combine the P value information with the 
associated gene-marker location information to make informed inferences.  Specifically, the strongest 
associations among the set of mapped genes contained an over-representation of cis-acting genes as compared 
to what would be expected by random chance.  For example, applying a genome-wide P value threshold of 
p=0.05 to the mapped set of 23,120 genes, 1,156 (0.05*23,120) significant associations would be expected by 
chance if no eQTL were present.  Only 4.9 of the 1,156 chance associations would be expected to be cis, based 
on the genome length of 2,350 cM (3) and defined 5 cM cis-region (1,156*10/2,349.7=4.9), but the p=0.05 
threshold provided 1,904 RIL significant associations in the observed data, of which 294 were cis.  These values 
lead to an estimated FDR of 1.7% (4.9/294) for the significant RIL mapped genes.  Applying the same p=0.05 
threshold to the Mo17xRIL and B73xRIL P values provided significance lists with FDR estimates of 6.2% and 
11.7% respectively.  The P value threshold was applied to the full set of genes (mapped and unmapped) and 
was associated with 1,904, 1,334, and 1,387 significant associations in the RIL, Mo17xRIL, and B73xRIL 
cross-types, respectively, in the full set 28,671 genes (Table 4, Table 8). 
 
For the purposes of clustering expression levels and estimating fold-change differences, the significant gene-
marker association lists in the B73xRIL, Mo17xRIL, and RIL cross-types were merged.  Due to separate 
analyses within each cross-type, the same gene has the potential to appear up to three times in the merged list.  
To uncover and remove redundant gene-marker combinations from this merged list, the locations of the 
associated markers for these genes were investigated.  First, identical gene-marker associations were reduced to 
the single most significant association.  Next, eQTL markers for a single gene significant in more than one 
cross-type and associated with markers within 5 cM of each other were reduced to the most significant 
association.  If the eQTL markers were more than 5 cM apart, they were not considered redundant (based on the 
“cis” definition in this study defining ‘concurrent location’) and were retained.  The final list of 3,997 non-
redundant associations was then investigated in the cluster analysis and fold-change investigations.  The cluster 
plots include expression of each gene across all six possible genotypes, therefore maintaining the information 
from the removed eQTL.  The result is that the line for any significantly regulated gene was drawn once rather 
than three times.  The removal of redundant eQTL resulted in prevention of a skewed average log-fold change 
estimate for fold-change comparisons.  For example, a cis gene-marker association with a very high fold change 
was counted only once, even if significant in B73xRIL and RIL, to prevent an over-estimate of cis fold change 
values.   
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Each significant gene-marker association described above was represented as a vector of six expression means.  
Each cross-type provided two means (group means) for the groups formed after segregating by the genotype of 
the associated marker.  Because all associations in the clustering analysis were significant, a large difference 
between the two means was seen in at least one of the populations.  Each vector of means was standardized, and 
the full set of standardized expression values was clustered using K-medoids clustering (51).  A variation of the 
gap statistic (52) was used to estimate the appropriate number of clusters (k=4).  Standardized expression levels 
for each cluster were plotted (Fig. 7).  The x-axis values correspond to the genotype of the associated eQTL 
marker that is regulating gene expression. 
 
The association analysis described above allowed for only one association per gene, which was defined as the 
putative major eQTL association.  We explored the possibility of multiple associations for the gene by 
performing sequential genome scans (53).  Each sequential genome scan conditioned on the set of previously 
found eQTL.  A genome-wise P value threshold of P < 0.05 was used for a significance threshold for each scan.  
The resulting set of gene-marker associations added few significant associations, and was not further 
investigated. 
 
Validation of Cis-eQTL 
Genes significant within the RIL (BB vs. MM) were compared to the list of genes with significant differences 
between B73 and Mo17 inbred lines tested on related microarray platform (5).  In the previous study, 1,367 
genes were differentially expressed in at least one of the three tested genotypes and 1,281/1,367 significantly 
differed between B73 and Mo17 (P < 0.05).  Of the 114 cis-eQTL in the SAM1.1 RIL (BB vs. MM) cross-type, 
78 (68%) were significantly differentially expressed in the previous study.  Of these, 78/78 (100%) of the 
expression patterns were consistent between experiments. 
 
Validation of Regulation by Interval 377 in Mendelized Stocks 
B73xRILMM and Mo17xRILBB plants carrying the heterozygous Interval 377 eQTL locus were identified in 
segregating F1BC1 families using PCR-based co-dominant markers (37, 38) IDP1440 and IDP7802 and 
subsequently backcrossed to B73 and Mo17, respectively to generate the F1BC2 generation (Fig. 6).  
Genotyping of the F1BC2 plants was conducted using TaqMan PCR probes SNP_10109352 and SNP_100417 
using the Light Cycler 480 (Roche).  Heterozygous, non-recombinant plants were self-pollinated to generate 
BB, BM, and MM genotypes at the eQTL locus in genetic backgrounds that were ~94% that of the recurrent 
parents (Fig. 6).  Primer sequences are listed in Table 9. 
 
Multiple replications (eight back-crosses into the B73, seven back-crosses into the Mo17 genetic background) 
of the F1BC2-self were grown in a randomized design, where each replication was a block of neighboring trays, 
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each harboring 18 plants.  At harvest, tissue was sampled for genotyping and the remaining tissue was frozen 
for later use.   
 
TaqMan assays were used to distinguish homozygous (BB/BB, MM/MM) and heterozygous (BB/MM) plants at 
Interval 377 for both interval-flanking SNPs.  Within each replication, 4-6 (depending on availability) plants 
were pooled for each genotype.  The resulting pools for each of the replications were processed for qRT-PCR as 
described (5).  qRT-PCR was conducted using the gene-specific primers for genes 12690, 12839, and 13453 
(Table 6, Table 9).  Pair wise t-tests (pairing BB/BB and BB/MM, BB/BB and MM/MM, or BB/MM and 
MM/MM within each replication) produced P values for the test with the null hypothesis of no difference in 
means (Table 6). 
 
qRT-PCR and QGE Validation of Reciprocal Effects in B73xRIL and Mo17xRIL Hybrids 
Available RNAs were reverse transcribed for B73xRILMM and Mo17xRILBB lines and randomized on PCR 
plates within each biological replication.  T-tests were conducted to determine significance (P < 0.05) for the 
normalized Ct (comparing B73xRILMM and Mo17xRILBB).  
 
Sequenom Quantitative Gene Expression (QGE) assays (54) were used to measure gene expression in B73xRIL 
MM and Mo17xRILBB lines for genes significantly regulated by Interval 377.  One primer plex, including four 
genes regulated by Interval 377, was designed (Table 9) using Sequenom Design software.  Samples were 
randomized on the QGE plates.  T-tests were conducted to identify differential transcript accumulation using a 
significance threshold of P < 0.05. 
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TABLE 1 
Phenotypes of B73, Mo17, and their F1 reciprocal hybrids. 
 
Reciprocally generated hybrids exhibit statistically significant differences in development at both seedling and 
adult stages of development (see Materials and Methods).  The Mo17xB73 hybrid outperforms the B73xMo17 
hybrid for both seedling dry weight and cob weight.  The cob weight reciprocal difference is modest in 
magnitude, but highly significant due to consistent direction of effect across multiple biological samples (~600 
plants, Fig. 8). 
 
Genotype Mean Seedling Dry Weight (g)* Mean Cob Weight (g)
 † 
B73 0.35 ± 0.1 23 ± 5 
B73xMo17 0.39 ± 0.1 38 ± 8 
Mo17xB73 0.52 ± 0.1 39 ± 8 
Mo17 0.29 ± 0.1 16 ± 4 
* P value =1.28e-08 for B73xMo17 vs. Mo17xB73 
† P value =1.28e-03 for B73xMo17 vs. Mo17xB73 
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TABLE 2 
Numbers of genes exhibiting significant reciprocal effects in the F1 hybrids. 
 
The numbers and percentages of significantly differentially expressed (DE) genes identified at various FDR 
cutoffs in both the microarray and among the highly expressed (top 10%) of genes in the RNA sequencing 
experiment are presented. 
 
FDR level No. DE in Microarray (% of 14,118 spots) 
No. DE in RNA-sequencing 
(% among highly expressed genes) 
5% 1,515 (11%) 234 (9%) 
10% 4,286 (30%) 287 (11%) 
15% 6,069 (43%) 357 (14%) 
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TABLE 3 
RNA-Sequence Alignments to Maize Gene Models. 
 
Illumina reads were aligned to maize gene models (http://www.maizesequence.org) using the short read aligner 
NOVOALIGN (http://www.novocraft.com).  Two mismatches across 35 bp were allowed and only reads that 
uniquely mapped to 32, 540 gene models in the Maize Genome Sequencing Project Filtered Gene Set were used 
for measuring reciprocal cross differences in gene expression. 
 
Number of Mapped Reads (%) 
Genotype Total Number of Reads To Genome To Gene Models 
Total Gene 
Models 
(% of 32,540) 
B73xMo17 7,102,964 4,895,968 (70%) 4,544,437 (64%) 
Mo17xB73 7,865,542 5,621,127 (71%) 5,230,737 (67%) 
26,394 (81%) 
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TABLE 4 
Summary Statistics for eQTL Analysis. 
 
The P value threshold of P < 0.05 (adjusted within each expression trait for testing across the entire genome) 
was used to produce a list of significant genes within each cross-type.  All gene-marker associations are listed in 
Table 8.  A non-redundant list of eQTL was generated to merge significant eQTL among cross-types.  
Wilcoxon Rank-Sum tests produced significant P values for the test of cis- versus trans-eQTL effect size 
(comparing the absolute value of the log2FC). 
 
Analysis 
Cross-type 
No. 
eQTL 
No. 
Mapped  
Est. 
FDR  
No. 
Cis 
No. 
Trans 
No. 
Other  
Cis 
log2 FC 
Trans 
log2 FC P value* 
RIL 1,904 1,442  1.7 % 294 999 181  1.95 1.33 < 2.2e-16 
Mo17xRIL 1,334 1,063  6.2%  80 864 134  2.03 1.27 < 2.2e-16 
B73xRIL 1,387 1,102  11.7% 42 980 106  1.41 1.28 0.178 
Non-
Redundant 3,997 
3,197 
(80%) -- 
309 
(10%) 
2,520 
(79%) 
368 
(11%)  1.32 0.88 < 2.2e-16 
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TABLE 5 
Genes significantly associated with an eQTL in multiple cross-types. 
 
In the majority (71-76%) of cases, the eQTL detected in the two cross-types were located in the same genome 
region (defined as +/- 5 markers). 
 
Overlapping Cross-types  Concordant Classification  Discordant Classification 
Mo17x
RIL 
RIL 
B73x
RIL 
No. 
Genes 
No. eQTL  (%) 
Regulated by 
Same Region 
N Cis Trans 
Other/ 
Unmapped 
 N 
Cis vs. 
Trans 
Other 
X X  396 302 (76%) 373 71 173 129  23 5 18 
 X X 371 263 (71%) 337 35 197 105  34 11 23 
X  X 286 208 (73%) 271 21 176 74  15 4 11 
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TABLE 6 
Validation of expression differences for genes regulated by Interval 377. 
 
Sequenom QGE and qRT-PCR technologies were used to validate gene expression differences in B73xRILMM 
vs. Mo17xRILBB hybrids (Fig. 2) for genes regulated by eQTL Interval 377.  qRT-PCR was also used to test for 
differential expression in the eQTL Interval 377 Mendelized lines (Fig. 6).  T-tests produced significant P 
values for all genes tested. 
 
   B73xRILMM vs. Mo17xRILBB  
Mendelized 
Lines 
Gene Significant Cross-type(s) Mode of Regulation 
QGE         
P value 
qRT-PCR      
P value  
BM vs. MM     
P value 
13453 Mo17xRIL Trans* 0.012 0.006  0.026 
12839 B73xRIL, Mo17xRIL Trans 0.008 0.001  0.023 
12690 Mo17xRIL Trans not tested 0.001  0.033 
9233 B73xRIL Other 0.037 not tested  not tested 
11380 B73xRIL Trans 0.012 not tested  not tested 
* Due to our stringent mapping criteria of sequences to the B73 reference genome, gene 13453 is classified as “Unmapped.”  However, 
manual inspection of this particular spot sequence reveals that it aligns to two contigs on Chromosome 8.  One hit has high identity (99%) 
and coverage (99.5%), while the other has high  identity (99%) but low coverage (52%) because it extends beyond the length of the contig.  
Either way, this gene is probably located on Chromosome 8 and is thus classified as Trans-regulated (Interval 377 is on Chr. 3).  
 56
TABLE 7 
The 1,515 spots with significant expression differences (5% FDR) between B73xMo17 and Mo17xB73. 
 
 
 This table is available (limited access to UMI Dissertation Publishing-affiliated institutions) 
as supplementary material at: 
 
http://proquest.umi.com/login?COPT=REJTPTU0MGImSU5UPTAmVkVSPTI=&clientId=60760 
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TABLE 8 
4,625 Significant eQTL Associations. 
 
 
 
This table is available (limited access to UMI Dissertation Publishing-affiliated institutions) 
as supplementary material at: 
 
http://proquest.umi.com/login?COPT=REJTPTU0MGImSU5UPTAmVkVSPTI=&clientId=60760 
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TABLE 9 
Primers used in genotyping and validation experiments. 
 
Gene Forward Primer  Reverse Primer Allele-Specific Probe QGE Competitor 
IDP1440 ACAGCACTACAACAGCGACG 
GCTTGACCGATGGATG
TACC NA NA 
IDP7802 ACGTCATCACCAAGGTCTCC 
AGGAAGGATGTTGCTC
ATGG NA NA 
H2 CCACCCCCAGACTTGAAATA 
AGCGAGTCTGCCTCAT
CTTT NA NA 
13453 CATTGTGCTCAGTGGTGGTT 
CGTCGTACTCCTCCTT
CGAT NA NA 
12839 GCTGCTGAACATCAATGGAA 
CTTCACACTCTGCAGC
TTCG NA NA 
12690 GGATCTTCAAATGGGAACCA 
TGATGCCCAGCATCTT
GATA NA NA 
SNP_109352 TATATCGAGGTGTGCCTGTC 
ACACATCGGTTCATGC
CTAC 
ATGGTGTTTAG
[G/C]AATGGTC
TA-CA 
NA 
SNP_100417 AGTGTATGCTCAGCGATCAAG 
CTGCTGTTGCGAATTT
GTG 
TACACGACTA[
T/C]GACACGTA
CA 
NA 
9233 
ACGTTGGATGAT
CCTCCAGCACAA
CCTACG 
ACGTTGGATGTGCCGC
TGCCGCCTGGTACTT 
CCCAACCTACG
ACAGCTCC 
TGCCGCTGCCGCCTGGTACTTGGA
GAGTTCGTACTTGGCGCGGGCGAG
GTCCTGCAGGAGCTGTCGTAGGTT
GTGCTGGAGGAT 
13453 
ACGTTGGATGAA
GATCAAGGTCGT
TGCACC 
ACGTTGGATGCGATAT
CCACATCTGTTGGAA 
AGGGGAAGTA
CAGTGTCTGG 
CGATATCCACATCTGTTGGAAAGT
GCTGAGCGAGGCTAGGATCGACCC
TCCTAACCAGACACTGTACTTCCT
CTCAGGCGGTGCAACGACCTTGAT
CTT 
12839 
ACGTTGGATGGC
AGGGTCTTGATA
ACTGAG 
ACGTTGGATGAGTCAC
AAGATAGCTGGTTCT 
GGTCTTGATAA
CTGAGTTATCT
ACA 
AGTCACAAGATAGCTGGTTCTGGT
TTTTCATAACAAAAACCGACTACA
AAACCAAAGATCAACAGCAATGT
AGATAACTCAGTTATCAAGACCCT
GC 
11380 
ACGTTGGATGGC
CACTGCAGCAAG
CTTAGCG 
ACGTTGGATGGAAGA
CAAGGTGAAGCAATG 
CCCTTGGAGGA
TATTCTCCCTT
CAACC 
GCCACTGCAGCAAGCTTAGCGACT
CCCTTTGGAGGATATTCTCCCTTCA
ACCAGGGATCTACACATTGCTTCA
CCTTGTCTTC 
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FIGURE LEGENDS 
Figure 1.  The magnitude of effect for genes exhibiting reciprocal effects is modest.  The distribution of fold 
change estimates for the 1,515 genes significant at the 5% FDR level (Table 2, Table 7) is shown. 
 
Figure 2. Because the inbred IBM RILs are derived from a cross between B73 and Mo17, a given IBM 
RIL is homozygous for either the B (B73) or M (Mo17) allele of a given marker. For a given marker, we 
designate such RILs as RILBB and RILMM, respectively. When crossed onto B73 (BB), RILBB and RILMM RILs 
will generate hybrids that are homozygous and heterozygous for the marker in question, respectively. Similarly, 
when crossed onto Mo17 (MM), RILBB and RILMM RILs will generate hybrids that are heterozygous and 
homozygous for the marker in question, respectively.  The allele inherited from the paternal genomes is 
underlined. 
 
Figure 3.  Genes detected as being differentially regulated in multiple cross-types are usually regulated by 
the same genomic region.  This results in the appearance of diagonal bands.  Red points denote genes regulated 
in cis for both cross-types; blue points denote genes regulated in trans for both cross-types, and green points 
denote genes that exhibit different modes of regulation between cross-types; grey points denote unmapped 
genes.  The markers (1-1,064) are concatenated across chromosomes for plotting purposes.  Table 5 presents 
these data numerically. 
 
Figure 4. Genome-wide display of putative major eQTL.  The ten chromosomes are concatenated for both 
axes.  Vertical stacks denote the positions of potential “master regulatory” regions.  Each significant gene-
marker association from all cross-types (B73xRIL: green, Mo17xRIL: purple, RIL: orange) was plotted (N= 
4,625).  Horizontal bands are due to large numbers of genes mapping to a single location, reflecting the non-
uniform distribution of gene density (data not shown). 
 
Figure 5.  The density of the distribution of effect sizes (log(FC)) for trans-eQTL (blue) is significantly lower 
(Table 4) than the distribution of effect sizes for cis-eQTL (red).  Even so, some trans-eQTL have large effects. 
 
Figure 6.  Mendelization of Interval 377. Multiple generations of backcrossing the eQTL Interval 377 to B73 
and Mo17 produced Mendelized stocks.  Each generation, plants heterozygous for genetic markers that defined 
Interval 377 were identified and backcrossed to the recurrent parent.  The same scheme illustrated here for 
backcrossing a B73 haplotype of Interval 377 into the Mo17 genetic background was conducted by back 
crossing a Mo17 haplotype of Interval 377 into the B73 genetic background.   
 
Figure 7.  Cis- and Trans-regulated genes exhibit different patterns of expression.  For clustering purposes, 
each non-redundant gene-marker association (N= 3,997) was represented by a vector of six expression means.  
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Standardized expression levels (y-axis) for each cluster were plotted according to the genotype of the associated 
regulating eQTL marker (x-axis).  Red lines denote cis-eQTL and blue lines denote trans-eQTL.  The cross-type 
in which the expression level was measured is indicated at the top of each plot (B73xRIL: green; RIL: orange; 
Mo17xRIL: purple) and the paternally inherited eQTL allele is underlined in the x-axis labels (Fig. 2). 
 
Figure 8.  The B73xMo17 hybrid consistently exhibits lower cob weight than the reciprocal Mo17xB73 
hybrid across replicated field trials.  Each point is an average of ~200 measurements (x 3 replications = 600 
plants).  Variation across field blocks can produce high standard errors for individual hybrid mean estimates, 
but the consistent direction of hybrid differences within blocks contributes to the highly statistically significant 
P values for the hybrid comparison (Table 1). 
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Figure 1 Swanson-Wagner et al. 
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Figure 2 Swanson-Wagner et al. 
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Figure 3 Swanson-Wagner et al. 
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Figure 4 Swanson-Wagner et al. 
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Figure 5 Swanson-Wagner et al. 
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Figure 6 Swanson-Wagner et al. 
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Figure 7 Swanson-Wagner et al. 
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Figure 8 Swanson-Wagner et al. 
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CHAPTER 4.  GENERAL CONCLUSIONS 
 
SUMMARY AND DISCUSSION 
To expand our current knowledge of the molecular mechanisms underlying hybrid vigor in maize, the inbred 
lines B73 and Mo17 were used as a model for detecting patterns of transcript accumulation and the genetic 
regulation of differences in transcript accumulation between inbreds and their hybrids.  These particular inbreds 
are a useful model given the amount of heterosis that occurs in their hybrids, the availability of genetic 
resources such as the IBM RIL population, and the availability of genomic sequence data.  Chapter 2 presented 
the first global investigation of transcript accumulation patterns between inbred and hybrid genotypes.  
Although the majority of the differentially expressed genes exhibited additive expression, a substantial 
percentage (22%) of genes exhibited non-additive expression patterns, including over- and under-dominance, 
suggesting that both complementation and dominance effects could influence transcript accumulation.  The 
differences in expression among genotypes ranged from small (1.7X) to large (>80X).  Genes exhibiting 
significant differences in transcript accumulation represent a variety of cellular processes and biological 
pathways.  More specifically, genes exhibiting over-dominant expression in the hybrid function in cell 
signaling, plant defense, DNA and chromatin structure, and translation machinery.  These findings suggest that 
the expression differences are variable and widespread in B73, Mo17, and their hybrid, that no single model can 
explain the observed expression differences, and that multiple cellular processes and pathways are influenced 
by differences in expression.  
 
Several similar studies in maize have followed, with a consensus that both additive and non-additive expression 
patterns are observed in hybrids.  These experiments have been conducted using a variety of microarray 
platforms, tissues, and genotypes (1-5), which may contribute to variation in findings.  Interestingly, a 
correlation (r=0.89) was found between the proportion of genes exhibiting additive gene action and heterosis for 
yield in a study of 16 hybrids and their 17 parent lines (all hybrids had same maternal parent).  Studies of 
expression between inbreds and hybrids have also been reported in other species exhibiting heterosis, with 
similar findings as in maize (6, 7). 
 
Whether or not these expression differences lead to a direct quantitative effect on plant performance is yet to be 
determined.  However, the biological pathways involved in plant growth and development that are enhanced in 
the hybrids are all influenced by regulation of transcript accumulation and other cellular processes.  Exploration 
of protein and metabolite accumulation could inform our understanding of the complex series of intermediate 
steps between transcript accumulation and the phenotypic manifestation of hybrid vigor.  In wheat, nearly 50 
proteins representing a variety of cellular processes were identified that differentially accumulate in the roots of 
hybrid and parental lines (8).  The majority of proteins (69%) were present in one parent and the hybrid, but 
absent in the other parent.  The remaining proteins exhibited overdominant, underdominant, and high- or low-
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parent dominant patterns.  Identification of differentially accumulated proteins demonstrates that the differential 
transcript accumulation potentially influences protein accumulation differences in inbreds and their hybrids. 
 
The research presented in Chapter 2 compared transcript accumulation differences in B73 and Mo17 with only 
one of the reciprocal hybrids (Mo17xB73).  Interestingly, the F1 reciprocal hybrids B73xMo17 and Mo17xB73 
(generated by using B73 or Mo17 as the female, respectively) have identical nuclear genomes, but exhibit 
phenotypic differences at multiple stages of development.  It could be expected that molecular differences also 
exist throughout development.  Transcript accumulation levels in these reciprocal hybrids were compared using 
a cDNA microarray.  The subsequent analysis revealed thousands of differentially expressed genes, even with 
conservative FDR thresholds.  These expression differences could be due to cytoplasmic effects, parental 
effects, and/or differential imprinting and led to an interest in the genetic regulation of expression differences in 
hybrids.  However, traditional microarray studies are limited in that they are unable to distinguish cis- from 
trans-effects on the gene whose expression is measured. 
 
To determine the genetic regulation mechanisms underlying differential transcript accumulation in inbreds and 
hybrids, an eQTL experiment was conducted using a subset of the IBM RILs and their hybrids generated by 
crossing each RIL to B73 and Mo17 (Chapter 3).  The finding that trans-eQTL are predominant is consistent 
with reports in other species (9) and with an eQTL study involving ~400 genes in cell wall biosynthesis (10) but 
are inconsistent with other global studies in maize.  Previous studies using allele-specific assays detected mainly 
cis-eQTL, but used different experiment approaches (MPSS sequencing and allele-specific assays) to classify 
cis-eQTL and fewer biological replications which likely resulted in lower statistical power.  Several reports 
have concluded that low-power experiments have higher proportions of cis-eQTL due to the statistical power 
required to detect trans-eQTL (reviewed by Kliebenstein: (9)).  Furthermore, these studies may not be truly 
global, since the analyzed genes are selected based on the presence of polymorphisms between the parental 
genomes, which may over-estimate the proportion of cis-eQTL.  Interestingly, the expression patterns for cis- 
and trans-eQTL were different, and trans-eQTL exhibited paternal dominance for expression levels in the 
hybrid, where the hybrid transcript accumulation (B73xRILMM vs. Mo17xRILBB) level corresponds to the level 
of transcript accumulation in the paternal parent.  As discussed in Chapter 3, these effects appear to be 
widespread (the majority of trans-eQTL exhibited this pattern) and, because of the experimental design, cannot 
be due to maternal effects or cytoplasmic effects. 
 
Differential regulation could be due to differential inheritance of regulatory mechanisms such as DNA 
methylation, chromatin structure, or regulatory RNAs.  The ability of small RNAs to act in trans makes them 
interesting candidates for the paternal regulation of transcript accumulation via trans-eQTL.  The publication 
and release of the Maize Genome Sequence will likely result in the generation of data about the regulatory 
epigenetic marks and the presence of small regulatory RNAs throughout the genome.  If such data can be 
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obtained for both B73 and Mo17, global comparisons of methylation patterns or small RNA populations could 
inform our findings of reciprocal effects for transcript accumulation globally.  If data is not available globally, 
investigations of specific regulating loci (such as the trans-eQTL used for fine mapping in Appendix A) are still 
feasible.  Genes within the eQTL interval that exhibit differential imprinting within the inbred lines or their 
reciprocal hybrids would be candidates for the causative gene(s) underlying the eQTL. 
 
Although these experiments have provided novel insights into heterosis for transcript accumulation, the 
expression differences and regulatory loci have not been directly linked to the phenotypic heterosis observed in 
the field.  However, the ability to make such inferences will soon be a reality.  The detection of regulatory loci 
for yield related-traits and the amount of heterosis for the traits (as reported in Appendix B) that have 
underlying genes with differential expression, regulation, and/or regulatory loci are candidate regions where 
transcript accumulation may be linked to an observed trait.  Such a connection should be approached with 
caution though because the overlap could be due to random chance.  This is especially important to consider, 
given that the eQTL and QTL were conducted at different time points for most traits (seedling stage for eQTL 
and seedling dry weight QTL, but adult-stage for the cob and kernel measurements).  Evidence for the eQTL 
and QTL in multiple tissues, time-points, and populations would narrow down the overlapping regions to those 
that are stable and more likely “real”. 
 
Overall, these findings are applicable to understanding variation in transcript accumulation and its underlying 
mechanisms.  In addition, they offer new questions regarding the roles of maternal and paternal genomes, and 
the specific mechanisms underlying trans-regulation of transcript accumulation.  These parent-of-origin effects 
are not limited to transcript accumulation differences, but are also observed in the field.  Thus, these findings 
also apply to plant breeding programs.  Specifically, the regulation of transcript accumulation for genes of 
interest should be carefully considered prior to use in large breeding programs because even small changes in a 
trait value for a single plant can translate into large effects when considering the millions of acres devoted to 
crops each year.  Finally, the genome-wide eQTL imprinting effects in maize should be considered in other 
plant species and in animal species, especially those exploiting heterosis. 
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APPENDIX A.  TOWARDS FINE-MAPPING A TRANS-eQTL 
 
Ruth A. Swanson-Wagner, Wei Wu and Patrick S. Schnable 
 
 
INTRODUCTION 
Trans-regulating eQTL are widespread in several species (1-6) and have the potential to regulate entire 
biological processes or pathways, including complex phenotypes such as hybrid vigor.  However, the complex 
nature of trans-regulation and the (on-average) smaller magnitude of their effects relative to cis-eQTL have so 
far prevented researchers from cloning any trans-eQTL.  In Chapter 3, we reported an eQTL experiment 
detecting a predominance of trans-eQTL in inbred lines and hybrids, several of which modulate expression of 
many genes.  One such eQTL interval (Interval 377) on Chromosome 3 regulates the expression of 21 unique 
genes, 13 of which are regulated in trans (Table 1).  Here, we report progress towards fine-mapping this trans-
eQTL.  
 
METHODS 
Identification of Interval-Flanking Markers 
The confidence interval was determined using the 1.5 LOD drop-down for each gene-marker association.  For 
all but one gene regulated by eQTL 377, this confidence interval was within the range of Marker 375 (142.6cM) 
to Marker 380 (147.0cM) and spans 3.5-4.5cM, depending on the map (Figure 1A).  For initial backcrossing, 
co-dominant, size polymorphic genetic markers that mapped to the interval-flanking cM positions were 
identified.  For detection of recombinant plants, high-throughput TaqMan PCR assays were designed at the 
interval-flanking positions for efficient genotyping of plants prior to pollination, to reduce the fieldwork to only 
those plants with recombinant genotypes.  Post-pollination, a third TaqMan assay was designed near the middle 
of the interval (SNP_106859).  Positions and primer information for the genetic markers used for genotyping 
are shown in Figure 1 and Table 1, respectively.  
 
Genetic Stocks 
Genotypes of the F1 hybrids generated by crossing each RIL onto B73 (B73xRIL) and Mo17 (Mo17xRIL) were 
inferred based on the existing map data for the RILs (7).  These F1 hybrids were planted in Ames, IA during the  
2006 summer nursery.  Hybrids carrying the heterozygous eQTL interval were selected for backcrossing to the 
recurrent parent (Figure 2).  The resulting F1BC1 generation was planted in Ames, Iowa in 2007 and genotyped 
at the interval-flanking markers using a PCR and gel-based approach to distinguish homozygous and 
heterozygous plants at the interval of interest.  Heterozygous plants were selected for backcrossing to the 
recurrent parent to generate F1BC2 seed (Figure 2).  Mass-pollination was conducted to generate sufficient seed 
for a mapping population.  
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Identification of Recombinant Plants 
The F1BC2 generation was planted in Ames, IA during the 2008 summer nursery (N=6,153 plants germinated).  
At the 4-5 leaf stage, tissue was sampled from each plant in 96-well format.  DNA isolation was followed by 
TaqMan PCR genotyping using the Light Cycler 480 (Roche).  Some plants with heterozygous, non-
recombinant genotypes (BM/BM at marker 1 and 2, respectively) were self-pollinated and crossed (as male) 
onto the recurrent parent to further Mendelize the interval.  Plants recombinant within Interval 377 (BM/BB, 
BB/BM, BM/MM, or MM/BM) were also self-pollinated and crossed (as male) onto the recurrent parent.  Prior 
to pollination, tissue from recombinant plants was re-collected to confirm the genotypes.  A third TaqMan probe 
was used to genotype recombinant DNAs at a mid-interval point (SNP_106859, Figure 1). 
 
RESULTS 
Plants heterozygous across Interval 377 at the F1 (B73xRIL, Mo17xRIL) generation were backcrossed to B73 
and Mo17, respectively, to generate F1BC1 seed.  The F1BC1 generation plants were again genotyped and 
heterozygous plants across Interval 377 were crossed to the recurrent parent to generate F1BC2 seed (N=6,153 
plants germinated).  For a 4cM interval, we expect to observe 0.04 x 6,153 = 246 recombinant events. 
  
Using the marker-assisted selection scheme outlined in Figure 2, we detected 352 recombinant plants in the 
F1BC2 generation and validated the recombinant score (by re-sampling tissue and re-genotyping the plants of 
interest) for 296 plants (4.8%).  For 238/296 validated recombinant plants, we obtained both self (F1BC2@ rec) 
and back-cross (F1BC3 rec) seed.  The mid-interval SNP genotyping (SNP_106859) resulted in classification of 
recombinant plants into two groups (those with recombination left-of-center and those with a recombination 
event right-of-center).  The recombination events were distributed approximately evenly (Figure 1B) on the 
sides of SNP_106859. 
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TABLE 1 
Genes Regulated by eQTL Interval 377 (Chromosome 3; 167.4 cM). 
 
Gene1 Sig. Cross-type P value Gene Chr Gene cM Regulation2 Log FC Pattern Cluster 
1323 RIL 0.013 3 13.76 Other 0.98 BB>MM 3 
1491 B73xRIL 0.025 1 172.48 Trans -0.79 BB<BM 4 
1566 Mo17xRIL 0.011 UM UM UM -0.87 BM<MM 4 
2592 B73xRIL 0.004 2 216.36 Trans 1.91 BB>BM 3 
4166 B73xRIL 0.023 8 173.88 Trans -0.42 BB<BM 2 
 Mo17xRIL 0.025 8 173.88 Trans -0.52 BM<MM 2 
 RIL 0.001 8 173.88 Trans -0.58 BB<MM 2 
4373 B73xRIL 0.029 7 96.87 Trans 0.61 BB>BM 3 
5269 Mo17xRIL 0.035 UM UM UM 1.18 BM>MM 3 
 RIL 0.007 UM UM UM 1.35 BB>MM 3 
6754 B73xRIL 0.031 5 54.03 Trans -3.93 BB<BM 4 
 Mo17xRIL 0.012 5 54.03 Trans -4.34 BM<MM 4 
8949 Mo17xRIL 0.035 5 106.5 Trans 0.75 BM>MM 3 
9040 Mo17xRIL 0.013 10 79.9 Trans 0.65 BM>MM 3 
9233 B73xRIL 0.027 3 135.45 Other -2.57 BB<BM 4 
9741 B73xRIL 0.021 10 104.97 Trans 0.58 BB>BM 3 
9916 B73xRIL 0.006 6 21.24 Trans 0.73 BB>BM 3 
11380 B73xRIL 0.027 2 138.3 Trans -2.36 BB<BM 4 
11668 RIL 0.05 UM UM UM -0.47 BB<MM 2 
11994 B73xRIL 0.005 UM UM UM 0.64 BB>BM 3 
12690 Mo17xRIL 0.042 9 80.69 Trans -3.17 BM<MM 4 
12826 B73xRIL 0.031 UM UM UM -2.28 BB<BM 4 
12839 B73xRIL 0.006 5 151.56 Trans -2.16 BB<BM 4 
 Mo17xRIL 0.03 5 151.56 Trans -2.26 BM<MM 4 
12842 B73xRIL 0.048 4 110.05 Trans -2.46 BB<BM 4 
 Mo17xRIL 0.046 4 110.05 Trans -2.5 BM<MM 4 
13453 Mo17xRIL 0.022 8* -- Trans -3.67 BM<MM 4 
1 Gene number from eQTL analysis reported in Chapter 3 
2 See Chapter 3 for classification criteria.  UM: The gene is unmapped. 
* Gene is likely located on Chromosome 8.  See Chapter 3 for details. 
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TABLE 2 
Co-Dominant Primers Used in Marker-Assisted Selection. 
 
Name Forward Primer Allele-Specific Probe [B73/Mo17] Reverse Primer 
IDP1440 ACAGCACTACAACAGCGACG NA GCTTGACCGATGGATGTACC 
IDP7802 ACGTCATCACCAAGGTCTCC NA AGGAAGGATGTTGCTCATGG 
SNP_109352 TATATCGAGGTGTGCCTGTC 
ATGGTGTTTAG[G/C]AATGGTCTA-
CA 
ACACATCGGTTCATGCCTAC 
SNP_100417 AGTGTATGCTCAGCGATCAAG TACACGACTA[T/C]GACACGTACA CTGCTGTTGCGAATTTGTG 
SNP_106859 TGGTTTATCGGTGTTGATGA-
TGACA 
CTTAGTGATG[G/T]TAGAATAA 
ACGATCAAATGAGCATGAG-
AGGAAA 
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TABLE 3 
296 Verified recombinant plants for Interval 377. 
 
     Plant SNP_109352 SNP_106859 SNP_100417 Pattern1 
08-1011-10 BB NA BM BB-NA-BM 
08-1015-3 BM BB BB BM-BB-BB 
08-1015-9 BM BB BB BM-BB-BB 
08-1074-1 BB NA BM BB-NA-BM 
08-1077-1 BM NA BB BM-NA-BB 
08-1082-2 BM BB BB BM-BB-BB 
08-1109-5 BB BM BM BB-BM-BM 
08-1126-2 BB BB BM BB-BB-BM 
08-1148-8 BM BM BB BM-BM-BB 
08-1151-3 BM MM MM BM-MM-MM 
08-1152-3 MM MM BM MM-MM-BM 
08-1154-2 BM BM MM BM-BM-MM 
08-1156-7 BM BM MM BM-BM-MM 
08-1158-8 BM BM MM BM-BM-MM 
08-1160-6 BM MM MM BM-MM-MM 
08-1160-2 MM MM BM MM-MM-BM 
08-1166-1 MM BM BM MM-BM-BM 
08-1167-3 BM BM MM BM-BM-MM 
08-1169-2 BM BM MM BM-BM-MM 
08-1171-6 MM MM BM MM-MM-BM 
08-1173-9 MM BM BM MM-BM-BM 
08-1177-5 BM BM MM BM-BM-MM 
08-1179-1 BM BM MM BM-BM-MM 
08-1180-5 BM MM MM BM-MM-MM 
08-1184-10 MM MM BM MM-MM-BM 
08-1187-1 BM BB MM BM-BB-MM 
08-1189-3 MM BM BM MM-BM-BM 
08-1189-4 MM BM BM MM-BM-BM 
08-1191-4 BM MM MM BM-MM-MM 
08-1192-10 MM MM BM MM-MM-BM 
08-1195-9 MM BM BM MM-BM-BM 
08-1206-1 BM MM MM BM-MM-MM 
08-1207-9 MM MM BM MM-MM-BM 
08-1207-5 BM MM MM BM-MM-MM 
08-1207-8 MM MM BM MM-MM-BM 
08-1208-9 MM MM BM MM-MM-BM 
08-1213-4 BM MM MM BM-MM-MM 
08-1214-9 BM BM MM BM-BM-MM 
08-1216-2 BM BM MM BM-BM-MM 
08-1216-4 BM BM MM BM-BM-MM 
08-1218-2 MM BM BM MM-BM-BM 
08-1219-11 MM MM BM MM-MM-BM 
08-1219-5 BM BM MM BM-BM-MM 
08-1220-4 BM MM MM BM-MM-MM 
08-1221-7 BM BM MM BM-BM-MM 
08-1221-8 MM BM BM MM-BM-BM 
08-1222-7 BM BM MM BM-BM-MM 
                 1 SNP 109352 - SNP 106859 - SNP 100417 pattern 
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TABLE 3 (CONTINUED) 
 
     Plant SNP_109352 SNP_106859 SNP_100417 Pattern1 
08-1224-6 MM MM BM MM-MM-BM 
08-1226-7 MM MM BM MM-MM-BM 
08-1227-5 MM BM BM MM-BM-BM 
08-1228-6 BM BM MM BM-BM-MM 
08-1236-7 MM MM BM MM-MM-BM 
08-1238-1 MM MM BM MM-MM-BM 
08-1242-2 BM BM MM BM-BM-MM 
08-1244-3 MM MM BM MM-MM-BM 
08-1251-1 BM BM MM BM-BM-MM 
08-1251-7 MM MM BM MM-MM-BM 
08-1251-8 MM BM BM MM-BM-BM 
08-1253-4 BM MM MM BM-MM-MM 
08-1253-6 MM MM BM MM-MM-BM 
08-1254-8 BM BM MM BM-BM-MM 
08-1260-4 BM MM MM BM-MM-MM 
08-1262-6 BM NA MM BM-NA-MM 
08-1264-1 MM MM BM MM-MM-BM 
08-1274-7 BM BM MM BM-BM-MM 
08-1275-3 MM BM BM MM-BM-BM 
08-1277-7 BM NA MM BM-NA-MM 
08-1277-10 BM MM MM BM-MM-MM 
08-1277-6 MM BM BM MM-BM-BM 
08-1280-5 BM NA MM BM-NA-MM 
08-1283-8 BM BM MM BM-BM-MM 
08-1286-3 BM MM MM BM-MM-MM 
08-1286-8 BM BM MM BM-BM-MM 
08-1289-6 MM BM BM MM-BM-BM 
08-1292-10 BM MM MM BM-MM-MM 
08-1293-6 BM BM MM BM-BM-MM 
08-1294-9 BM MM MM BM-MM-MM 
08-1294-6 MM BM BM MM-BM-BM 
08-1296-2 BM MM MM BM-MM-MM 
08-1306-10 MM MM BM MM-MM-BM 
08-1309-10 BM MM MM BM-MM-MM 
08-1310-10 BM NA MM BM-NA-MM 
08-1311-3 BM BM MM BM-BM-MM 
08-1311-8 BM MM MM BM-MM-MM 
08-1315-5 MM BM BM MM-BM-BM 
08-1318-9 BM MM MM BM-MM-MM 
08-1318-1 MM BM BM MM-BM-BM 
08-1318-8 MM NA BM MM-NA-BM 
08-1322-7 BM MM MM BM-MM-MM 
08-1323-1 BM BM MM BM-BM-MM 
08-1328-2 BM MM MM BM-MM-MM 
08-1329-8 BM BM MM BM-BM-MM 
08-1330-2 BM MM MM BM-MM-MM 
08-1332-3 MM MM BM MM-MM-BM 
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TABLE 3 (CONTINUED) 
 
     Plant SNP_109352 SNP_106859 SNP_100417 Pattern1 
08-1335-2 BM NA MM BM-NA-MM 
08-1342-2 MM BM BM MM-BM-BM 
08-1343-1 BM MM MM BM-MM-MM 
08-1350-8 BM MM MM BM-MM-MM 
08-1353-2 BM BM MM BM-BM-MM 
08-1377-3 MM BM BM MM-BM-BM 
08-1378-9 MM MM BM MM-MM-BM 
08-1380-4 MM BM BM MM-BM-BM 
08-1407-6 BM BM MM BM-BM-MM 
08-1409-8 BM BM MM BM-BM-MM 
08-1414-4 MM MM BM MM-MM-BM 
08-1424-5 MM BM BM MM-BM-BM 
08-1426-1 BM BM MM BM-BM-MM 
08-1426-4 BM MM MM BM-MM-MM 
08-1428-2 BM MM MM BM-MM-MM 
08-1430-5 MM MM BM MM-MM-BM 
08-1432-1 MM NA BM MM-NA-BM 
08-1435-6 BM MM MM BM-MM-MM 
08-1436-4 MM NA BM MM-NA-BM 
08-1437-2 BM MM MM BM-MM-MM 
08-1437-3 BM MM MM BM-MM-MM 
08-1438-6 BM MM MM BM-MM-MM 
08-1438-10 BM MM MM BM-MM-MM 
08-1439-1 BM MM MM BM-MM-MM 
08-1441-5 BM MM MM BM-MM-MM 
08-1441-8 BM BM MM BM-BM-MM 
08-1443-3 BM MM MM BM-MM-MM 
08-1447-8 MM BM BM MM-BM-BM 
08-1448-6 BM MM MM BM-MM-MM 
08-1451-7 BM MM MM BM-MM-MM 
08-1453-2 MM BM BM MM-BM-BM 
08-1454-8 MM BM BM MM-BM-BM 
08-1460-9 BM NA MM BM-NA-MM 
08-1463-3 BM MM MM BM-MM-MM 
08-1464-9 BM MM MM BM-MM-MM 
08-1468-6 BM MM MM BM-MM-MM 
08-1468-4 MM MM BM MM-MM-BM 
08-1470-4 MM BM BM MM-BM-BM 
08-1476-5 MM MM BM MM-MM-BM 
08-1479-2 MM MM BM MM-MM-BM 
08-1481-2 MM MM BM MM-MM-BM 
08-1482-5 BM BM MM BM-BM-MM 
08-1488-8 MM BM BM MM-BM-BM 
08-1492-7 BM BM MM BM-BM-MM 
08-1494-3 BM BM MM BM-BM-MM 
08-1495-1 BM BM MM BM-BM-MM 
08-1508-3 BM MM MM BM-MM-MM 
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TABLE 3 (CONTINUED) 
 
     Plant SNP_109352 SNP_106859 SNP_100417 Pattern1 
08-1509-7 BM MM MM BM-MM-MM 
08-1509-10 MM MM BM MM-MM-BM 
08-1510-5 BM BM MM BM-BM-MM 
08-1513-2 MM BM BM MM-BM-BM 
08-1514-1 BM MM MM BM-MM-MM 
08-1514-7 BM BM MM BM-BM-MM 
08-1515-9 MM BM BM MM-BM-BM 
08-1518-9 BM BM MM BM-BM-MM 
08-1520-4 BM BM MM BM-BM-MM 
08-1524-4 MM MM BM MM-MM-BM 
08-1530-4 MM MM BM MM-MM-BM 
08-1531-3 MM BM BM MM-BM-BM 
08-1537-9 MM BM BM MM-BM-BM 
08-1538-9 BM MM MM BM-MM-MM 
08-1540-5 MM BM BM MM-BM-BM 
08-1541-1 MM MM BM MM-MM-BM 
08-1547-6 BM MM MM BM-MM-MM 
08-1548-2 MM MM BM MM-MM-BM 
08-1549-6 MM MM BM MM-MM-BM 
08-1551-10 BM BM MM BM-BM-MM 
08-1552-10 MM NA BM MM-NA-BM 
08-1554-6 MM BM BM MM-BM-BM 
08-1554-8 BM MM MM BM-MM-MM 
08-1556-11 MM MM BM MM-MM-BM 
08-1557-1 BM MM MM BM-MM-MM 
08-1558-8 MM MM BM MM-MM-BM 
08-1559-7 MM BM BM MM-BM-BM 
08-1559-6 BM MM MM BM-MM-MM 
08-1559-3 MM MM BM MM-MM-BM 
08-1560-10 MM MM BM MM-MM-BM 
08-1560-4 MM BM BM MM-BM-BM 
08-1561-6 MM MM BM MM-MM-BM 
08-1564-7 MM BM BM MM-BM-BM 
08-1568-10 MM MM BM MM-MM-BM 
08-1569-4 MM MM BM MM-MM-BM 
08-1573-3 MM BM BM MM-BM-BM 
08-1573-9 BM BM MM BM-BM-MM 
08-1574-3 BM BM MM BM-BM-MM 
08-1575-11 BM BM MM BM-BM-MM 
08-1575-8 MM MM BM MM-MM-BM 
08-1579-8 BM MM MM BM-MM-MM 
08-1579-3 MM BM BM MM-BM-BM 
08-1581-1 BM MM MM BM-MM-MM 
08-1581-2 BM MM MM BM-MM-MM 
08-1582-8 BM BM MM BM-BM-MM 
08-1584-10 MM BM BM MM-BM-BM 
08-1585-6 MM MM BM MM-MM-BM 
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TABLE 3 (CONTINUED) 
 
     Plant SNP_109352 SNP_106859 SNP_100417 Pattern1 
08-1588-5 MM MM BM MM-MM-BM 
08-1591-6 MM MM BM MM-MM-BM 
08-1591-7 MM MM BM MM-MM-BM 
08-1592-2 MM BM BM MM-BM-BM 
08-1592-8 MM MM BM MM-MM-BM 
08-1593-8 BM BM MM BM-BM-MM 
08-1593-7 MM BM BM MM-BM-BM 
08-1594-6 MM MM BM MM-MM-BM 
08-1595-2 MM MM BM MM-MM-BM 
08-1596-2 MM MM BM MM-MM-BM 
08-1608-3 BM BM MM BM-BM-MM 
08-1608-11 MM MM BM MM-MM-BM 
08-1609-4 BM MM MM BM-MM-MM 
08-1610-3 MM MM BM MM-MM-BM 
08-1611-4 BM BM MM BM-BM-MM 
08-1613-2 BM MM MM BM-MM-MM 
08-1615-9 MM MM BM MM-MM-BM 
08-1615-7 MM BM BM MM-BM-BM 
08-1616-2 MM BM BM MM-BM-BM 
08-1620-5 MM NA BM MM-NA-BM 
08-1620-11 BM BM MM BM-BM-MM 
08-1623-9 BM MM MM BM-MM-MM 
08-1624-2 MM BM BM MM-BM-BM 
08-1625-9 BM NA MM BM-NA-MM 
08-1625-7 MM MM BM MM-MM-BM 
08-1626-8 MM MM BM MM-MM-BM 
08-1631-1 BM BM MM BM-BM-MM 
08-1639-7 BM NA MM BM-NA-MM 
08-1639-1 MM NA BM MM-NA-BM 
08-1640-11 MM NA BM MM-NA-BM 
08-1640-2 BM MM MM BM-MM-MM 
08-1642-5 MM BM BM MM-BM-BM 
08-1643-8 BM MM MM BM-MM-MM 
08-1646-12 BM BM MM BM-BM-MM 
08-1647-10 MM BM BM MM-BM-BM 
08-1649-8 BM MM MM BM-MM-MM 
08-1650-8 BM BM MM BM-BM-MM 
08-1650-4 MM MM BM MM-MM-BM 
08-1653-8 BM MM MM BM-MM-MM 
08-1653-9 BM BM MM BM-BM-MM 
08-1654-3 BM MM MM BM-MM-MM 
08-1657-4 BM NA MM BM-NA-MM 
08-1658-10 BM MM MM BM-MM-MM 
08-1660-1 BM MM MM BM-MM-MM 
08-1666-5 BM NA MM BM-NA-MM 
08-1667-7 MM BM BM MM-BM-BM 
08-1669-6 BM MM MM BM-MM-MM 
 83
TABLE 3 (CONTINUED) 
 
     Plant SNP_109352 SNP_106859 SNP_100417 Pattern1 
08-1671-7 MM MM BM MM-MM-BM 
08-1672-6 MM NA BM MM-NA-BM 
08-1673-5 BM BM MM BM-BM-MM 
08-1674-9 MM BM BM MM-BM-BM 
08-1676-7 BM MM MM BM-MM-MM 
08-1677-10 MM BM BM MM-BM-BM 
08-1678-2 BM MM MM BM-MM-MM 
08-1682-4 MM MM BM MM-MM-BM 
08-1689-8 MM BM BM MM-BM-BM 
08-1690-2 BM MM MM BM-MM-MM 
08-1691-6 BM MM MM BM-MM-MM 
08-1691-9 BM BM MM BM-BM-MM 
08-1694-5 BM BM MM BM-BM-MM 
08-1694-7 MM MM BM MM-MM-BM 
08-1694-9 MM MM BM MM-MM-BM 
08-1705-1 BM NA MM BM-NA-MM 
08-1706-7 MM BM BM MM-BM-BM 
08-1707-9 BM MM MM BM-MM-MM 
08-1708-2 BM MM MM BM-MM-MM 
08-1709-2 MM MM BM MM-MM-BM 
08-1709-6 MM MM BM MM-MM-BM 
08-1710-2 MM NA BM MM-NA-BM 
08-1712-7 BM BM MM BM-BM-MM 
08-1715-8 BM MM MM BM-MM-MM 
08-1717-2 BM MM MM BM-MM-MM 
08-1717-10 MM BM BM MM-BM-BM 
08-1718-4 BM MM MM BM-MM-MM 
08-1719-4 MM MM BM MM-MM-BM 
08-1720-11 BM BM MM BM-BM-MM 
08-1720-2 MM NA BM MM-NA-BM 
08-1721-3 MM MM BM MM-MM-BM 
08-1721-5 MM MM BM MM-MM-BM 
08-1723-4 BM BM MM BM-BM-MM 
08-1725-7 BM MM MM BM-MM-MM 
08-1725-1 MM MM BM MM-MM-BM 
08-1726-10 BM BM MM BM-BM-MM 
08-1728-4 MM MM BM MM-MM-BM 
08-1730-8 BM MM MM BM-MM-MM 
08-1732-8 MM MM BM MM-MM-BM 
08-1736-5 MM BM BM MM-BM-BM 
08-1738-4 BM MM MM BM-MM-MM 
08-1740-6 MM MM BM MM-MM-BM 
08-1740-8 MM BM BM MM-BM-BM 
08-1741-4 BM MM MM BM-MM-MM 
08-1741-7 BM MM MM BM-MM-MM 
08-1741-11 MM MM BM MM-MM-BM 
08-1742-8 BM MM MM BM-MM-MM 
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TABLE 3 (CONTINUED) 
 
     Plant SNP_109352 SNP_106859 SNP_100417 Pattern1 
08-1742-4 MM BM BM MM-BM-BM 
08-1744-1 BM MM MM BM-MM-MM 
08-1744-5 MM MM BM MM-MM-BM 
08-1745-5 MM BM BM MM-BM-BM 
08-1747-9 BM BM MM BM-BM-MM 
08-1747-10 BM BM MM BM-BM-MM 
08-1748-2 MM BM BM MM-BM-BM 
08-1748-9 MM BM BM MM-BM-BM 
08-1748-12 MM BM BM MM-BM-BM 
08-1749-4 BM MM MM BM-MM-MM 
08-1750-8 BM MM MM BM-MM-MM 
08-1750-4 MM MM BM MM-MM-BM 
08-1752-1 MM MM BM MM-MM-BM 
08-1752-3 MM MM BM MM-MM-BM 
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FIGURE LEGENDS 
Figure 1.  Interval-flanking markers on various genetic maps and the maize physical map.  A) Distribution of 
SNP-markers throughout the interval.  The grey band denotes the 95% confidence interval range for the genes 
regulated by Marker 377.  B) For 25/296 recombinant plants, the mid-SNP score was not determined (low 
quality score or no score obtained).  
 
Figure 2.  Marker-assisted selection and recombinant identification for Interval 377 
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APPENDIX B.  DETECTION OF QTL AND hQTL FOR YIELD-RELATED TRAITS 
AND HETEROSIS 
 
Ruth A. Swanson-Wagner, Dan Nettleton, and Patrick S. Schnable 
 
ABBREVIATIONS 
CW: cob weight; CD: cob diameter; CL: cob length; KRN: kernel row number; KW: kernel weight; KC:  kernel 
count; AKW: average kernel weight; SDW: seedling dry weight. 
 
INTRODUCTION 
QTL mapping experiments detect regions of the genome that regulate a variable, measurable trait in a 
segregating population.  Such quantitative approaches have been utilized to map traits for heterosis (hQTL) and 
have found many loci with varying effects.  However, the causative genes underlying these regions have not 
been identified and cloned.  Potentially, the genes responsible for increases in traits like cob size and kernel 
number per ear could be manipulated to increase yields. 
 
Multiple traits can measured inexpensively but precisely in adult-stage maize.  Specifically, we chose to 
measure kernel row number, seed number, total kernel weight, cob weight, length, and diameter, and seedling 
biomass accumulation for above-ground tissues.  These traits were selected based on the ability to measure 
them post-harvest over long periods in the lab and the ability to store samples and re-measure samples with 
outlying data points.  The overall goal of this study is to identify: 1) Regions of the genome that regulate yield-
related traits; 2) Regions of the genome that regulate the amount of heterosis for yield-related traits. 
 
METHODS 
Genetic Stocks 
The ISU 291RI SNP Map (N=1,016 markers) was developed using 291 IBM RILs (Liu et al., unpublished).  
These RILs were self-pollinated and crossed onto both B73 and Mo17 inbred lines using pollen from the same 
male (RIL) plant.  The seed from a single ear for each cross-type was used in all four biological replications 
when possible (the use of multiple seed sources was rare). 
 
Seedling Dry Weight Experimental Design 
The seedling dry weight experiment was conducted in a greenhouse to reduce environmental effects. Seedlings 
were grown with 15 hours light each day.  The 291 RILs and their crosses onto B73 and Mo17 were grown in 
sand benches along with B73, Mo17, B73xMo17, and Mo17xB73. The design was a randomized complete 
block design (Figure 1), where a RIL and its crosses to B73 and Mo17 (or the parent lines B73, Mo17, and their 
hybrids) were blocked together, but randomly assigned to a location among the sand benches.  The parent lines 
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were sampled more extensively within each replication (50 sets of ~5 seedlings per parent per replication). In 
each replication, average seedling dry weight at two weeks was recorded based on ~5 seedlings per line. 
 
Due to seed availability, the RILs and their cross-types were divided into two groups for processing (Group A 
and Group B).  For some replications, the planting was distributed over a two-day period.  In such cases, half of 
the rep was planted (Sand benches 1-3) on the first day, and half on the second (Sand benches 3-6).  Harvest 
was also distributed such that all plants (regardless of planting date) were harvested 2 weeks after planting. 
 
Group A (198 RILs and their crosses to B73 and Mo17), 4 replications were planted and processed in Fall 2007 
(Rep 1 planted 9/20/07 and 9/21/07; Rep 2 planted 10/8/07; Rep 3 planted 10/26/07 and 10/27/07; Rep 4 
planted 11/12/07; Reps 1B-2B planted 12/14/07) and each planting included a single replication.  Due to limited 
daylight in the winter strongly affecting plant growth in the sand benches, the remaining RILs (Group B) were 
processed in Fall 2008 (Reps 1B and 2B were discarded and regrown in the 2008 season).  For RILs or their 
hybrids failing to germinate in 2007, an alternative seed pack was selected and the RIL and its hybrids were 
added to the Group B replications in 2008.  These instances were not common, however.  Because the Group B 
replications were smaller (~100 RILs and their hybrids), two replications could fit within the greenhouse sand 
benches in a single growth period (Rep 3B planted 9/8/2008; Rep 4B planted 9/9/08; Reps 1B-2B redo 
replications planted 9/24/08).  To estimate the variance from 2007 to 2008, lines from both Group A (N=95 
randomly selected) and Group B (N= all 110) were selected for an additional replication (Rep 5) in 2008.  
 
At harvest, seedlings from a single row/genotype were pooled and stored in a pollination bag and the number of 
seedlings within the row was recorded.  The samples were held in ~60°C driers housed at the Iowa State 
University Agronomy Farm for 2-3 days, followed by weight measurements for all tissue within each bag.  The 
per plant dry weight average (g) was calculated based on the total weight of the pooled plants divided by the 
number of plants in the row.   
 
Adult-Stage Trait Experimental Design 
For each of four biological replications, randomization was conducted with restrictions such that inbred and 
hybrid lines were kept in separate ranges to avoid competition.  A triplet of ranges was comprised of 3, 50-row 
blocks where each block was randomly assigned to contain RIL, B73xRIL, or Mo17xRIL lines.  The RIL 
ranges included 36-37 RILs, 5 B73, 5 Mo17, and 3-4 rows of fill seed/plants (to allow for even distribution of 
informative lines across the 24 ranges within each replication). Genotypes within the ranges of each triplet were 
arranged according to the design of the RIL range so that a given RIL and its crosses to B73 and Mo17 were in 
equivalent positions within neighboring ranges.  Positions of the parental lines (B73, Mo17, and F1 hybrids) 
were randomly assigned within each set of ranges, maintaining separation of inbred and hybrid lines. 
 
 90
Reps 1-2 were planted on May 20, 2008 and reps 3-4 were planted on May 21, 2008 at the Iowa State 
University Johnson Farm in Ames, Iowa.  Due to excessive flooding in May and June 2008, the fourth 
biological replication was severely damaged and many rows failed to germinate.  Thus, only Replications 1-3 
were harvested for the QTL study. 
 
Adult-Stage Tissue Sample Processing and Data Collection 
The primary ear for each plant was harvested by hand.  Harvest was conducted in an order such that within each 
replication, a given RIL and its hybrids with B73 and Mo17 were harvested, dried, stored, and measured on the 
same dates.  At harvest, two identical harvest tags containing sample information and a unique barcode were 
affixed to each sample.  Ears were then dried for 2-3 days at ~38° C.  
 
Prior to shelling the kernels from the cobs, the number of rows of kernels was counted and recorded for each 
sample.  At the shelling stage, kernels from a single ear were stored in a seed envelope and the cob was stored 
in a sealable, plastic bag, each receiving one of the two identical barcoded labels.  Thus, it is possible to relate 
the kernel and cob data for each plant. 
 
Barcode scanners were used to automatically enter the unique sample identifier (field row and plant-in-row) 
into excel.  Each measurement instrument was equipped to send digital data to a PC through an RS232 cable 
using WinWedge software (TALtech, Philadelphia, PA), allowing for efficient and reliable data entry.   
 
Individual cobs were weighed using the ATL-822-I digital scale (Acculab, Bradford, MA).  Cob maximum cob 
diameter and length were measured using a digital caliper (F.V. Fowler, Newton, MA).  Kernels with mold 
damage or pest damage were manually filtered from each seed pack.  Kernels number was measured using the 
Old Mill 850-3 seed counter (International Marketing and Design Co, San Antonio, TX).  Immediately after, the 
total kernel weight for non-filtered kernels was measured using the digital scale (Acculab, Bradford, MA).  For 
each sample, average kernel weights were calculated by dividing the total weight (g) divided by the total kernel 
count (not including the “bad” kernels).   
 
Statistical Analysis 
Data were compiled into single spreadsheets for each trait.  Quality checks were performed to identify 
improbable values.  Such cases were individually investigated to either confirm the value or correct the error. 
 
LS Means for each genotype were estimated in SAS (company) for the seedling dry weight experiment 
conducted in the greenhouse using the following model: 
 
proc mixed data=one; 
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   class exp rep sandbench section block crosstype scale; 
  model y=crosstype scale; 
  random exp sandbench section(sandbench) block(section sandbench) 
         rep(exp) exp*sandbench exp*section(sandbench) exp*block(section sandbench) 
        sandbench*rep(exp) section*rep(exp sandbench) block*rep(section sandbench exp); 
 
LS Means for each genotype were estimated in SAS (company) using the following model for the field-based 
traits: 
proc mixed data=one; 
   class rep range col genotype rangeblock dash; 
   model trait=rep genotype dash / outp=check; 
random rangeblock(rep) range(rangeblock rep) col(rangeblock rep) range*col(rangeblock rep) 
 
Mean estimates produced by these models (Table 1) were used for subsequent QTL mapping.  The QTL 
mapping was conducted using custom R (Version 2.2.1) scripts authored by Dan Nettleton.  For each trait and 
population (RIL, B73xRIL, Mo17xRIL), 11 QTL analyses were conducted (Table 1). 
 
In addition to mapping each trait per se, QTL for high-parent heterosis (HPH) and mid-parent heterosis (MPH) 
were mapped in the B73xRIL and Mo17xRIL hybrids.  HPH and MPH were calculated: 
 
HPH = B73xRIL- max [B73,RIL] 
HPH = Mo17xRIL- max [Mo17,RIL] 
 
 MPH = B73xRIL- mean [B73,RIL] 
 MPH = Mo17xRIL- mean [Mo17,RIL] 
 
The resulting HPH and MPH values were then used as input for the QTL analysis.  For each significant QTL, 
the magnitude and direction of effect, percentage variation explained by the QTL, and confidence intervals (1.5 
LOD dropdown) were calculated (2). 
 
RESULTS 
Quantitative measures of kernel traits (number of rows, count, weight, average weight), cob traits (length, 
diameter, and weight), and seedling dry weight were collected for 291 RILs and their hybrids (B73xRIL and 
Mo17xRIL) in addition to the inbred parents B73, Mo17, and their reciprocal F1 hybrids.  Although hybrids 
exhibit heterosis for many traits, not all quantitative traits exhibit heterosis (Table 2).  Hybrids outperformed 
their inbred parents for average kernel weight, kernel count per ear, cob weight, cob length, and seedling dry 
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weight.  B73 appears dominant for the cob diameter and number of rows of kernels and outperformed the 
hybrids and Mo17 for both traits.   
 
Multiple QTL were detected within each population and trait (Tables 2-3), some of which overlap across 
analysis type and trait measured.  Using the 1.5 LOD drop-down to determine confidence intervals, ~2/3 of the 
85 significant QTL exhibited interval sizes less than 20cM, but the overall range is from 2.8-149.3cM.  Within 
traits, the favorable allele for QTL can differ (B73 or Mo17) and the magnitude of effect is variable (13% 
increase in amount of heterosis for cob weight on Chromosome 1, 6% increase in heterosis for average kernel 
weight on Chromosome 3).     
 
QTL for amount of heterosis were detected where heterozygous lines exhibited more heterosis than the 
homozygotes (B73xRIL HPH for AKW, SDW, CW, KRN, and CD; Mo17xRIL HPH for CW, SDW).  QTL 
were also detected, however, with homozygous loci favorable over heterozygous loci.  Variation of effect size 
and favorable allele combination suggest that not one single inbred (B73 or Mo17) contributes “more” to 
heterosis and that heterozygosity per se is not sufficient to explain improved performance of hybrids over 
inbreds for these particular traits. 
 
Correlation between traits was calculated (Table 4).  High correlation between some traits was expected.  For 
example, the total kernel weight per ear would be expected to increase with the total number of kernels on the 
ear (correlation= 0.94).  Correlations between seedling dry weight and all other traits are generally low, but 
might be due to different environments (greenhouse vs. field).  However, some correlation is observed for 
seedling dry weight with cob length and kernel weights. 
 
QTL controlling an increase the trait value and/or in the amount of heterosis observed for the trait have been 
selected for fine-mapping experiments with the ultimate goal of cloning the gene(s) responsible for the increase 
in trait value and/or amount of heterosis. 
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TABLE 1 
LS Means computed in SAS for each genotype and trait. 
 
 
 
This table is available (limited access to UMI Dissertation Publishing-affiliated institutions) 
as supplementary material at: 
 
http://proquest.umi.com/login?COPT=REJTPTU0MGImSU5UPTAmVkVSPTI=&clientId=60760
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TABLE 2 
QTL Analyses Conducted. 
 
Number Analysis Comparison Trait Mapped 
1 BxRIL BxRILBB vs BxRILMM BB vs BM 
2 RIL RILBB vs RILMM BB vs MM 
3 MxRIL MxRILBB vs MxRILMM BM vs MM 
4 BxRIL HPH BxRILBB vs BxRILMM High-parent heterosis BB vs BM 
5 MxRIL HPH MxRILBB vs MxRILMM High-parent heterosis BM vs MM 
6 BxRIL MPH BxRILBB vs BxRILMM Mid-parent heterosis BB vs BM 
7 MxRIL MPH MxRILBB vs MxRILMM Mid-parent heterosis BM vs MM 
8 BxRIL %HPH BxRILBB vs BxRILMM % High-parent heterosis BB vs BM 
9 MxRIL %HPH MxRILBB vs MxRILMM % High-parent heterosis BM vs MM 
10 BxRIL %MPH BxRILBB vs BxRILMM % Mid-parent heterosis BB vs BM 
11 MxRIL %MPH MxRILBB vs MxRILMM % Mid-parent heterosis BM vs MM 
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TABLE 3 
Significant QTL for all traits. 
 
       Confidence Interval2     
Trait Analysis Sig. Marker P-value
1 Chr cM   Lower cM 
Upper 
cM 
Length 
(cM)   Effect Size
3 % Var4 Action
5 
CL BxRIL SNP_35511 0.006 1 73.2  71.7 102.9 31.2  -8.37 0.07 BB<BM 
CW M HPH SNP_98111 0.004 1 78.4  73.2 84 10.8  2.18 0.07 BM>MM 
CW M MPH SNP_98111 0.012 1 78.4  74.9 215.4 140.5  1.89 0.06 BM>MM 
CW M pHPH SNP_98111 0.005 1 78.4  73.2 84 10.8  0.13 0.07 BM>MM 
CW M pMPH SNP_98111 0.006 1 78.4  74.9 84 9.1  0.15 0.07 BM>MM 
AKW RIL SNP_23951 0.034 1 95.3  79.3 106.4 27.1  -0.02 0.06 BB<MM 
KW BxRIL SNP_79262 0.02 1 101.6  71.7 104.1 32.4  -13.21 0.05 BB<BM 
CL M pMPH SNP_19249 0.042 1 175.6   168.2 194.7 26.5   0.05 0.05 BM>MM 
KC M MPH SNP_9084 0.011 3 87.5  82.5 90.6 8.1  39.62 0.06 BM>MM 
KW M MPH SNP_9084 0.028 3 87.5  82.9 90.6 7.7  13.19 0.06 BM>MM 
KC MxRIL SNP_99055 0.024 3 88.2  80.5 93.8 13.3  36.5 0.06 BM>MM 
KRN RIL SNP_77055 0.007 3 92.9  88.2 229 140.8  0.92 0.07 BB>MM 
KRN MxRIL SNP_77055 0.001 3 92.9  85 94 9  0.65 0.13 BM>MM 
KC B pHPH SNP_45551 0.044 3 141.1  135.3 147.2 11.9  -0.1 0.05 BB<BM 
AKW B HPH SNP_30953 0.004 3 188.7  185 191.4 6.4  -0.02 0.08 BB<BM 
AKW B pHPH SNP_30953 0.001 3 188.7  185 191.4 6.4  -0.06 0.08 BB<BM 
SDW B HPH SNP_84678 0.044 3 217.3  80.5 229.8 149.3  -0.01 0.05 BB<BM 
SDW B MPH SNP_84678 0.01 3 217.3  82.9 229.8 146.9  -0.01 0.06 BB<BM 
SDW B pMPH SNP_84678 0.016 3 217.3  81.7 229.8 148.1  -0.1 0.06 BB<BM 
    1 Genome-wise error rate P-Value 
    2 Confidence interval determined by 1.5 LOD drop-down from significant peak 
    3 B73xRILBB – B73xRILMM (B73xRIL); Mo17xRILBB – Mo17xRILMM (Mo17xRIL); RILBB -RILMM (RIL) 
    4 Percent variation explained by the QTL 
    5 Direction of effect for significant QTL 
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TABLE 3 (CONTINUED) 
 
       Confidence Interval2     
Trait Analysis Sig. Marker P-value
1 Chr cM   Lower cM 
Upper 
cM 
Length 
(cM)   
Effect 
Size3 
% 
Var4 Action
5 
KC RIL SNP_89298_2 0.001 4 16  16 19.5 3.5  62.44 0.08 BB>MM 
CW MxRIL SNP_32823 0.001 4 41.1  30.1 43.3 13.2  2.48 0.1 BM>MM 
CW RIL SNP_4623 0.001 4 42.2  30.1 54.5 24.4  3.35 0.11 BB>MM 
CD BxRIL SNP_90941 0.001 4 54.5  48.2 62.2 14  1.26 0.16 BB>BM 
CD MxRIL SNP_90941 0.001 4 54.5  48.2 65.6 17.4  0.84 0.12 BM>MM 
CD B HPH SNP_90941 0.001 4 54.5  48.2 57.4 9.2  1.16 0.14 BB>BM 
CD B pHPH SNP_90941 0.001 4 54.5  48.2 57.4 9.2  0.04 0.14 BB>BM 
CW BxRIL SNP_90941 0.001 4 54.5  48.2 62.2 14  2.86 0.09 BB>BM 
CW B HPH SNP_90941 0.001 4 54.5  48.2 62.2 14  2.5 0.07 BB>BM 
CW B pHPH SNP_90941 0.003 4 54.5  48.2 62.2 14  0.11 0.08 BB>BM 
KRN MxRIL SNP_81248 0.001 4 54.5  30.1 62.2 32.1  0.51 0.09 BM>MM 
CD RIL SNP_82913 0.001 4 57.4  48.2 65.6 17.4  1.64 0.16 BB>MM 
KRN RIL SNP_82913 0.001 4 57.4  48.2 65.6 17.4  1.32 0.15 BB>MM 
KRN M HPH SNP_82913 0.001 4 57.4  54.7 65.6 10.9  -0.87 0.13 BM<MM 
KRN M pHPH SNP_82913 0.001 4 57.4  54.7 65.6 10.9  -0.06 0.13 BM<MM 
CD M HPH SNP_93907 0.006 4 62.2  8.1 100.3 92.2  -0.79 0.07 BM<MM 
CD M pHPH SNP_93907 0.014 4 62.2  8.1 100.3 92.2  -0.03 0.06 BM<MM 
KW RIL SNP_93907 0.021 4 62.2  16 100.3 84.3  13.82 0.06 BB>MM 
KRN BxRIL SNP_90380 0.001 4 65.6  48.2 67.5 19.3  0.75 0.11 BB>BM 
KRN B HPH SNP_90380 0.001 4 65.6  48.2 67.5 19.3  0.67 0.1 BB>BM 
KRN B pHPH SNP_90380 0.002 4 65.6   48.2 67.5 19.3   0.04 0.1 BB>BM 
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TABLE 3 (CONTINUED) 
 
       Confidence Interval2     
Trait Analysis Sig. Marker P-value
1 Chr cM   Lower cM 
Upper 
cM 
Length 
(cM)   Effect Size
3 % Var4 Action
5 
CL RIL SNP_49724 0.022 5 44.2  42.9 55.1 12.2  -10.16 0.06 BB<MM 
KC MxRIL SNP_51496 0.011 5 73.8  66.8 85.5 18.7  39.15 0.07 BM>MM 
KRN RIL SNP_11948 0.001 5 73.8  70.8 76.5 5.7  1.03 0.09 BB>MM 
SDW MxRIL SNP_18689 0.012 5 73.8  69.1 91.2 22.1  0.01 0.06 BM>MM 
SDW M HPH SNP_18689 0.032 5 73.8  69.1 76.5 7.4  0.01 0.06 BM>MM 
SDW M MPH SNP_18689 0.029 5 73.8  69.1 75.9 6.8  0.01 0.06 BM>MM 
SDW M pHPH SNP_18689 0.046 5 73.8  69.1 76.5 7.4  0.08 0.05 BM>MM 
KRN BxRIL SNP_61221 0.012 5 75.7  70.8 76.6 5.8  0.55 0.06 BB>BM 
KRN MxRIL SNP_61221 0.006 5 75.7  70.8 98.6 27.8  0.46 0.07 BM>MM 
CD MxRIL SNP_105143 0.005 5 75.9  61.5 76.6 15.1  0.63 0.07 BM>MM 
KW MxRIL SNP_84372 0.001 5 81.6  72.2 85.5 13.3  15.19 0.08 BM>MM 
KW M HPH SNP_84372 0.026 5 81.6  70.8 113.8 43  13.2 0.06 BM>MM 
KW M MPH SNP_84372 0.009 5 81.6  70.8 105.7 34.9  13.97 0.06 BM>MM 
CW MxRIL SNP_27764 0.01 5 113.8  66.8 126 59.2  2.04 0.07 BM>MM 
CW M MPH SNP_95039 0.018 5 113.8   105.7 126 20.3   1.89 0.06 BM>MM 
CW BxRIL SNP_75795 0.003 6 114.2  102.3 116.4 14.1  -2.58 0.07 BB<BM 
CW B HPH SNP_75795 0.018 6 114.2  102.3 119.6 17.3  -2.36 0.06 BB<BM 
CW B pHPH SNP_75795 0.021 6 114.2   102.3 119.6 17.3   -0.1 0.06 BB<BM 
KRN RIL SNP_70805 0.003 7 34.5  28.6 36 7.4  -0.95 0.08 BB<MM 
CD RIL SNP_43846 0.049 7 42.2  22 101.2 79.2  -0.97 0.05 BB<MM 
CD BxRIL SNP_98032 0.033 7 43.6  22 101.2 79.2  -0.77 0.05 BB<BM 
KC RIL SNP_63437 0.043 7 65.5  59.4 71.6 12.2  -50.81 0.05 BB<MM 
KRN BxRIL SNP_94161 0.026 7 78.3  65.5 82.1 16.6  -0.54 0.06 BB<BM 
KRN B HPH SNP_94161 0.027 7 78.3  65.5 82.1 16.6  -0.53 0.06 BB<BM 
KRN B pHPH SNP_94161 0.022 7 78.3  65.5 82.1 16.6  -0.03 0.06 BB<BM 
CW B HPH SNP_34738 0.037 7 85.8  82.1 88.5 6.4  -2.18 0.05 BB<BM 
CW B pHPH SNP_34738 0.044 7 85.8   82.1 88.5 6.4   -0.09 0.05 BB<BM 
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TABLE 3 (CONTINUED) 
 
       Confidence Interval     
Trait Analysis Sig. Marker P-value
1 Chr cM   Lower cM 
Upper 
cM 
Length 
(cM)   Effect Size
3 % Var4 Action
5 
CD BxRIL SNP_88270 0.02 8 43.6  36.7 46.7 10  -0.77 0.06 BB<BM 
CD B HPH SNP_88270 0.008 8 43.6  36.7 46.7 10  -0.77 0.06 BB<BM 
CD B MPH SNP_88270 0.01 8 43.6  36.7 46.7 10  -0.58 0.06 BB<BM 
CD B pHPH SNP_88270 0.009 8 43.6  36.7 46.7 10  -0.03 0.06 BB<BM 
CD B pMPH SNP_88270 0.018 8 43.6  36.7 46.7 10  -0.02 0.05 BB<BM 
KRN MxRIL SNP_2880 0.022 8 80.9   78.7 89.8 11.1   0.44 0.06 BM>MM 
KRN M MPH SNP_36300 0.015 10 1.5  0 2.8 2.8  -0.32 0.06 BM<MM 
KRN M pMPH SNP_36300 0.013 10 1.5  0 2.8 2.8  -0.03 0.06 BM<MM 
CD BxRIL SNP_77712 0.001 10 53.4  50.2 58.1 7.9  -1 0.08 BB<BM 
CD B HPH SNP_77712 0.002 10 53.4  50.2 58.1 7.9  -0.94 0.08 BB<BM 
CD B MPH SNP_77712 0.002 10 53.4  50.2 58.1 7.9  -0.69 0.07 BB<BM 
CD B pHPH SNP_77712 0.001 10 53.4  50.2 58.1 7.9  -0.03 0.08 BB<BM 
CD B pMPH SNP_77712 0.004 10 53.4  50.2 58.1 7.9  -0.03 0.06 BB<BM 
CW BxRIL SNP_77712 0.003 10 53.4  50.2 59.5 9.3  -2.59 0.07 BB<BM 
CW B HPH SNP_77712 0.003 10 53.4  50.2 65.5 15.3  -2.46 0.06 BB<BM 
CW B MPH SNP_77712 0.039 10 53.4  50.2 71.6 21.4  -2.01 0.05 BB<BM 
CW B pHPH SNP_77712 0.007 10 53.4   50.2 65.5 15.3   -0.1 0.07 BB<BM 
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TABLE 4 
Pair-wise trait correlation of LS Means for each genotype. 
 
 CW CD CL KRN KW KC AKW SDW 
CW --        
CD 0.78 --       
CL 0.66 0.25 --      
KRN 0.46 0.73 -0.17 --     
KW 0.24 0.53 0.8 0.24 --    
KC 0.84 0.64 0.69 0.46 0.94 --   
AKW 0.45 0.13 0.65 -0.28 0.65 0.39 --  
SDW 0.35 0.08 0.5 -0.09 0.52 0.42 0.45 -- 
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FIGURE LEGENDS 
Figure 1.  The replicated greenhouse experiment was a randomized design with constraints to position each 
RIL and its corresponding hybrids (B73xRIL, Mo17xRIL) at neighboring positions within sand benches.  
Parental genotypes (B73, Mo17, F1 hybrids) were distributed throughout each replication.  
 
Figure 2.  The replicated field experiment design was randomized with constraints to position each RIL and its 
corresponding hybrids (B73xRIL, Mo17xRIL) at equivalent positions within neighboring ranges.  Parental 
genotypes (B73, Mo17, F1 hybrids) were distributed throughout each replication.  Inbred and hybrid lines were 
contained in separate ranges to prevent shading and in-ground competition among inbred and hybrid lines.  
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